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Abstract
Systematic reviews are comprehensive literature reviews that target a highly focused 
research question. In the medical domain, complex Boolean queries are used to identify 
studies. To ensure comprehensiveness, all studies retrieved are screened for inclusion or 
exclusion in the review. Developing Boolean queries for this task requires the expertise of 
trained information specialists. However, even for these expert searchers, query formula-
tion can be difficult and lengthy: especially when dealing with areas of medicine that they 
may not be knowledgeable about. To this end, two computational adaptations of methods 
information specialists use to formulate Boolean queries have been proposed in prior work. 
These adaptations can be used to assist information specialists by providing a good starting 
point for query development. However, a number of limitations with these computational 
methods have been raised, and a comparison between them has not been made. In this 
study, we address the limitations of previous work and evaluate the two. We found that, 
between the two computational adaptions, the objective method is more effective than the 
conceptual method for query formulation alone, however, the conceptual method provides 
a better starting point for manual query refinement. This work helps to inform those build-
ing search tools that assist with systematic review construction.
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1 Introduction

Systematic reviews are highly important within the medical domain. They are used 
to inform clinical decision making, and are seen as the highest form of medical evi-
dence  (Lavis et  al. 2005). The process for developing a systematic review has many 
steps, and requires the support of clinical researchers, librarians, and review commit-
tees (McGowan and Sampson 2005). Systematic reviews are guided by a highly spe-
cific research question, and executed though a methodological study protocol (Chan-
dler et al. 2019). Figure 1 illustrates the particular phase in systematic review creation 
that this study targets. Arguably, one of the most important processes in the crea-
tion of a systematic review is the identification of medical literature which will be 
synthesised later in the process. This identification process involves searching and 
screening studies (e.g., randomised controlled trials) from large medical databases 
(e.g., PubMed, which contains approximately 30 million studies at the time of writ-
ing). Screening literature is an important task that constitute a significant amount of 
time and effort in the systematic review creation process. To complete this task, a 
Boolean query is used, as it allow for complete control over the search system and 
enables the explicit encapsulation of the information need of the research question 
into the query syntax. The Boolean query has a major impact on the screening pro-
cess: a query may retrieve all of the relevant studies but may also retrieve an exces-
sive amount of non-relevant studies. It is typical for the screening process to involve 
upwards of 10,000–1,000,000 studies that require screening. Moreover, the screening 
process is usually performed twice or thrice by independent screeners to reduce bias. 
Although there has been much progress to reduce the workload associated with this 
screening process, including screening prioritisation  (Scells et  al. 2020a; Kanoulas 
et  al. 2017, 2018; Lee and Sun 2018), active learning for study inclusion classifica-
tion  (Cohen et  al. 2006; Miwa et  al. 2014), text mining  (O’Mara-Eves et  al. 2015; 
Olorisade et al. 2016; Shemilt et al. 2014), and automated second screeners (Wallace 
et  al. 2010), the search query can have a much more significant effect on screening 
workload reduction, simply by reducing the number of studies retrieved  (Scells and 
Zuccon 2018a; Scells et al. 2019). However, effective query development is extremely 
difficult and time consuming (Golder et al. 2008; Bullers et al. 2018). It requires the 

Fig. 1  The initial phases of systematic review creation that this study focuses on. The highlighted area indi-
cates the aspect of the creation phase that we focus on: query formulation. In particular, we propose to auto-
mate a currently manual task, indicated below the highlighted area
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expertise of trained librarians (i.e., information specialists), and the use of highly 
complex Boolean queries (Lefebvre et al. 2008

1.1  Automatic query formulation

Recently, there have been efforts to automate the processes information specialists use to 
develop Boolean queries (Scells et al. 2020b, c). These methods are fully automatic, com-
putational adaptations of two manual approaches to query development that are employed 
by information specialists. The first manual approach is a conceptual approach  (Haus-
ner et  al. 2012, 2015), where a query is developed by identifying high-level concepts, 
and finding synonyms for these concepts. The second manual approach is an objec-
tive approach  (Clark 2013), where a query is developed by identifying and classifying 
terms using a statistical approach. Both of these manual query formulation methods are 
used extensively for Boolean query development for systematic review literature search. 
The automatic query formulation methods that have been derived from these approaches 
have been shown to achieve similar performance. However, a comparison between both 
automatic query formulation methods has not been performed. Furthermore, a number of 
limitations have been raised that warrant implementation and further comparison to man-
ually formulated queries. To this end, this article seeks to not only compare the differ-
ences between queries derived from the two automatic query formulation methods with 
each other, but also between queries derived from each of the automatic query formulation 
methods and the original, manually formulated queries.

1.2  Limitations of prior research

Both computational adaptations were suggested to be appropriate as a starting point for 
refinement and use in literature searches. However, the two approaches have not been com-
pared to each other to determine which one is more appropriate for the task of systematic 
review literature search, and the suggestion that they can be used as a good starting point 
for further formulation or refinement was not appropriately evaluated in past research. For 
example, prior research did not study the effectiveness of the automatic query formulation 
methods after the resulting queries had been manually refined by a human. Furthermore, a 
number of extensions to both computational adaptations have been suggested that may fur-
ther improve the effectiveness of the automatically formulated queries; namely, the use of 
phrases in addition to terms for keywords in Boolean clauses, and the use of seed studies as 
relevance feedback to tune queries. Seed studies are commonly used in the development of 
queries for systematic review literature search. Specifically, they are highly relevant stud-
ies that are identified before starting the review. However, there currently does not exist 
a test collection with the original seed studies used for manual query formulation in this 
domain. For this reason, we instead study how sensitive the two automatic query formula-
tion approaches are to different initial seed studies.

1.3  Research questions

Investigation into the comparison of automatic query formulation methods between them-
selves and manually formulated queries, as well as addressing the limitations of prior 
research underpin the research questions of this study: 
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RQ1  How does automatic query formulation compare to manual query formulation in 
terms of search effectiveness?

RQ2  What factors of automatically formulated queries contribute the most to 
effectiveness?

RQ3  Which automatic query formulation method provides the most effective starting 
point for manual refinement?

RQ4  How sensitive to variation in the initial seed studies are the automatic query formu-
lation approaches?

 The first two research questions guide the investigation into the comparison of auto-
matic query formulation methods between themselves and manually formulated queries. 
Specifically, RQ1 aims to identify which automatic query formulation is most effective 
when compared to a manually formulated query. This is achieved though a batch-style 
evaluation of automatically formulated and manual queries. Meanwhile, RQ2 aims to 
identify the factors of automatically formulated queries that contribute to their effective-
ness, e.g., choice of terms vs. phrases or the number of seed studies. Note that here the 
focus is on the comparison between the two automatic query formulation methods, and 
not the manually formulated queries. The next two research questions guide the inves-
tigation into limitations identified in prior research. Specifically, RQ3 aims to identify 
which automatic query formulation method provides the most effective query once man-
ually refined, and how these manually refined queries compare to the same originally 
manually formulated queries. This is achieved though a small-scale case study. Finally, 
RQ4 aims to identify how sensitive each automatic query formulation method is to the 
initial set of seed studies. For this, different portions of relevance judgements are sam-
pled for seed studies as input, and statistical variances are studied. In answering these 
research questions, this study makes the following contributions:

– Extensions to automatic query formulation methods that have been identified as lim-
itations in previous work.

– A comprehensive comparison of two automatic query formulation methods (as 
extended in this study) to manually formulated queries, and between each other.

– A case study investigating the suggestion that the automatic query formulation meth-
ods are good starting points for further manual refinement.

– A comprehensive investigation into the effect seed studies have on the automatic 
query formulation methods, in particular how sensitive the effectiveness of queries 
are to a given set of seed studies.

2  Related work

Systematic review are critical in medicine and numerous studies have investigated meth-
ods to ensure their quality. However, there has been surprisingly little research towards 
the development and comparison of query formulation methods for systematic review 
literature search. Two primary methods have arisen to guide information specialists to 
develop effective queries for search, however, while these methods strive to be methodi-
cal, they still are subject to the experience and bias of the information specialist devel-
oping the query.
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2.1  Conceptual query formulation

The first is the conceptual method (Clark 2013). Here, an initial set of high level concepts 
are identified that encapsulate the research question of the systematic review. Each high 
level concept becomes a clause in a conjunctive Boolean query. The high level concepts are 
then expanded into synonyms by the information specialist manually. Seed studies are used 
to repeatedly gauge the effectiveness of the query, manually refining as needed, and formu-
lation ends when the information specialist believes that the number of studies retrieved 
will (i) contain all (or most) of the studies that will be included in the systematic review; 
and (ii) be screenable within a certain budget and amount of time.

2.2  Objective query formulation

The second is the objective method (Hausner et al. 2012). Here, seed studies are divided 
into two sets: development and validation. The development set is used to identify terms 
using statistical methods and the validation set is used to gauge the effectiveness of the 
query. The information specialist still must decide which terms to add to the query, and, 
while more objective, still makes the method bias. The information specialist developing 
a query using this method also attempts to ensure the query retrieves all (or most) of the 
studies that will be included in the review and that the retrieved studies are screenable 
within a certain budget and amount of time.

These two methods are the primary methodologies used to develop queries for system-
atic reviews. While there has been a small study to compare the objective and conceptual 
methods (Hausner et al. 2015) for 13 topics, there has not been an extensive evaluation or 
comparison of either method. Recently, fully automatic computational adaptations of the 
conceptual and objective methods have arisen (Scells et al. 2020b, c). These adaptations 
allow us to perform an inexpensive large scale evaluation of these methods by simulating 
the processes information specialists use to develop queries.

2.3  Automatic query formulation in other domains

While the automatic development of queries for the systematic review literature search 
domain has not been widely investigated, a number of studies have investigated auto-
matic query formulation methods in other domains. For example, Kim et al. (2011) have 
developed a decision tree based method for automatic query formulation in the legal eDis-
covery domain. This method, like the conceptual and objective methods, relies on seed 
studies to select which keywords to add to a query and the location of those keywords in 
the query. The difficultly in applying this method to systematic review literature search is 
that it requires many more seed studies to be effective: in reality this is not feasible. Other 
works have also investigated the generation of structured queries from natural language 
statements. These works focus on the generation of SQL queries (Androutsopoulos et al. 
1995; Pazos et al. 2013; Popescu et al. 2004; Zhong et al. 2017), and this cannot express 
the full range of requirements needed for systematic review literature search such as field 
restrictions, complex Boolean clauses, and phrase and free text searching. Finally, closer 
to the systematic review domain, Scells and Zuccon (2018a); Scells et  al. (2019) have 
investigated the automatic refinement of Boolean queries for systematic review literature 
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search. This work differs to the work in this article as it was concerned with the refine-
ment to existing Boolean queries, where this article focuses on the automatic formulation 
of Boolean queries from scratch.

This study is novel as it is the first of its kind to perform a large scale comparison of 
two fully automatic Boolean query formulation methods for the systematic review domain. 
The identification of effective automation methods for systematic review creation can have 
a significant impact on the costs and time to create systematic reviews (Clark et al. 2020; 
Tsafnat et al. 2014).

3  Methods

In this section, we describe the conceptual and objective methods, the computational adap-
tations we make to automatically formulate queries, and the limitations of previous work 
and how we plan to address them. This section first provides an description of the manual 
methodologies for the conceptual and objective query formulation methods, the computa-
tional adaptations that have been made to them in prior research, and what extensions to 
each of the methods are made in this research. This provides the basis for the investigation 
into RQ1 and RQ2, which are concerned with the comparison between automatically formu-
lated queries and manually formulated queries. Following on from these sections, the next 
two sections provide a method for how the manual query refinement process will be under-
taken for the case study addressing RQ3, and how seed studies will be sampled in order to 
measure how sensitive the automatic query formulation methods are to them for RQ4.

3.1  Conceptual query formulation

The conceptual method is the most commonly used approach to develop Boolean queries 
for systematic review literature search. Under this approach, a number of high-level con-
cepts are identified, either from seed studies or through initial searches, that represent the 
research question of the review. Often, these concepts are categorised using the PICO ques-
tion scheme. PICO stands for Population, Interventions, Controls, and Outcomes. It is a 
way of framing medical questions, in terms of the information needed to answer them. It 
is common for the title and research question of a systematic review to be framed using 
PICO. Once the information specialists has identified the high-level concepts they will use 
to develop the search, they use both their expertise and a number of tools to assist them 
to identify synonyms and related keywords to their high-level concepts. They add to and 
refine the query in an iterative process until they feel they are satisfied. This refinement 
process is achieved using a number of seed studies to gauge the effectiveness of the search. 
Commonly, only a handful of seed studies are used in the conceptual query formulation 
process (Clark 2013).

3.1.1  Computational adaptations to the conceptual method

The computational adaptation of the conceptual method is seeded using a single sentence 
describing the high level research statement the systematic review aims to address, as well 
as a number of seed studies. Seed studies are split into Development ( 2

3
 ) and Unseen ( 1

3
 ). 

The Development set is used to perform a term reduction step in query logic composition 
which removes non-contributing terms from the query. The computational approach of the 
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conceptual method proposed by Scells et al. (2020b) uses the titles of systematic reviews as 
the input statement as they are typically written in PICO format. In this paper, we also use 
the systematic review title. This computational approach differs from the manual approach, 
primarily it does not perfectly reflect the process an information specialist would use to 
add keywords to a query as there is no universally agreed upon approach for this. The input 
seed studies are identified from the relevance assessments for topics. The original con-
ceptual adaptation proposed a pipeline of processing steps to transform a statement into a 
Boolean query. This pipeline is illustrated in Fig. 2. The steps in the pipeline are as follows: 

Fig. 2  Overview of the computational adaptation of the conceptual approach. Additions made as part of this 
paper are indicated with + symbols
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Query logic composition  Terms from the seed sentence are composed into a logical 
structure for a Boolean query. This step approximates the infor-
mation specialist in identifying the initial high-level concepts 
and categorising them into the different Boolean clauses that 
will eventually contain the synonyms for these terms. Previous 
work, for example, uses an unlexicalised, English probabilis-
tic context-free grammar parser to segment word boundaries. 
These word boundaries are then used to specify where terms 
should be added into Boolean clauses of a query.

Entity extraction  Once the structure of the Boolean query is defined, the terms 
in these clauses are mapped to UMLS concepts.1 There are a 
number of methods which perform the mapping of free-text to 
UMLS concepts such as QuickUMLS (Soldaini and Goharian 
2016) and MetaMap (Aronson 2001). In previous work, Meta-
Map is used for this purpose.

Entity expansion  An optional step, entity expansion uses UMLS concept embed-
dings to expand the query. This step models the information 
specialist in identifying synonyms to the chosen high-level 
concepts. Previous work uses embeddings of UMLS concepts 
crafted by van  der Vegt et  al. (2019). obtained by applying 
word2vec on the entire PubMed database.

Keyword mapping  After the mapping and optional expansion of UMLS concepts, 
the concepts must then be mapped into appropriate keywords 
(a single UMLS concept may have a number of aliases, i.e., 
textual representations—alternate spellings, word orderings, 
etc.—due to the origin of the concept in different ontologies). 
The Keyword Mapping step performs this action. Previous 
work uses a number of techniques including using the preferred 
term in UMLS, using all of the aliases for a concept, or using 
only the most frequently used term [a method proposed by 
Jimmy et al. (2018)].

3.1.2  Extensions to the computational conceptual method

The following extensions have been made to the computational adaptation of the concep-
tual method, as indicated by the + labels in Fig. 2. 

MeSH terms  The method proposed in previous work did not consider MeSH 
terms. These terms can significantly improve the effectiveness 
of queries (Scells et al. 2020c). We integrate MeSH terms into 
query formulation by mapping entities directly to MeSH con-
cepts during the keyword mapping step.

1 UMLS stands for the Unified Medical Language System. It is an umbrella ontology, containing represen-
tations of medical terminology using several other ontologies, e.g., MeSH.
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Query logic composition  Previous work used an NLP approach to automatically extract 
keywords, as well as a manual approach. It was found that 
the NLP approach was significantly less successful compared 
to the manual approach at creating the logical structure of a 
query. Instead in this work, we use an embedding approach to 
cluster similar terms into the same Boolean clauses. We pro-
pose two methods to extract terms and phrases from the input 
statement: the first splits the statement into uni-grams, and the 
second splits the statement into phrases using the RAKE algo-
rithm (Rose et al. 2010). Keywords are first mapped to UMLS 
concepts using an Elasticsearch index. The choice for this 
method and how it is used is explained in Sect. 4. An embed-
ding for each UMLS concept is then obtained using the model 
proposed by van der Vegt et al. (2019) Keywords are clustered 
by measuring the cosine similarity of their embedding between 
other keyword embeddings. A minimum similarity threshold is 
used to determine if a keyword belongs in an existing cluster 
or if a new cluster should be created. In our empirical testing 
a value of 0.3 was found to provide the best separation of con-
cepts. A keyword is added into the cluster which contains the 
most similar keyword. If the keyword does not meet the mini-
mum similarity threshold, it is added to a new cluster contain-
ing itself.

Seed studies  The use of seed studies were not previously considered in earlier 
work, although they are indeed used in reality by information 
specialists (Chandler et al. 2019). Seed studies can be used to 
tune the effectiveness of queries at different stages in the com-
putational conceptual pipeline. We extend the computational 
adaptation of the conceptual method by integrating seed stud-
ies into the logical composition step. We use a portion of the 
relevance assessments to tune the query by reducing keywords 
that do not contribute to the search while maximising cover-
age. This is done by first constructing a set of binary keyword 
vectors K for each seed study corresponding to each extracted 
keyword; �� ∈ K . Once the keywords have been clustered as in 
the query logic composition step, the result is a set containing 
each set of clustered keyword vectors C = {K1,K2,… ,Kn} . 
The maximum coverage for a new Boolean clause Ki ∈ C is 
the logical disjunction of all term vectors corresponding to that 
clause: coverage(Ki) = �

��
∨ �

��
∨⋯ ∨ �

��
 . Each keyword in 

the clause is then tested to determine if it reduces the cover-
age, or in other words, the removal of the keyword causes a 
change the in coverage vector. If no change is detected, the 
keyword is discarded. This process is formalised as follows: 
For each Ki ∈ C let

K�
i
= {�

��
∈ Ki | coverage(Ki − �

��
) ≠ coverage(Ki)}
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Now let C� = K�
1
∩ K�

2
∩⋯ ∩ K�

n
 . Each set of keywords K�

i
∈ C� then becomes a clause in 

the Boolean query, where each keyword in a K′
i
 set is joined by an OR operator, and each 

set of keywords in C′ is joined by an AND operator.

3.2  Objective query formulation

The objective method is a relatively recent approach to develop Boolean queries for sys-
tematic review literature search. Figure 3 provides a visualisation of the objective query 
formulation process. The phases in this query development method are more well-defined 
than the conceptual approach, and therefore it is easier to more closely simulate this 
method computationally. It involves the use of statistical methods to identify which terms 
should be added to the query. The objective method uses seed studies to both identify 
terms and evaluate the effectiveness of terms. Seed studies are split into development ( 2

3
 ) 

and validation ( 1
3
 ) sets. Over-represented terms are then identified in the titles and abstracts 

of studies from the development set and then filtered using a population (background) set. 
The process for identifying over-represented terms is as follows: terms are first ranked 
using document frequency in the development set. The top 20% of these terms are then 
re-ranked using document frequency in the population set. The bottom 2% of these terms 
are those which will be added to the query. At the same time, the 20 most frequent MeSH 
terms in the development set are also identified to be added to the query. Terms and MeSH 

Fig. 3  Overview of the computational adaptation of the conceptual approach. Manual steps associated with 
the objective method are indicated by  ; the computational adaptation seeks to automate these steps. Addi-
tions made as part of this paper are indicated with + symbols
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terms are then classified into three categories: (i) health conditions; (ii) treatments; and (iii) 
study design. Each of these categories becomes a Boolean OR clause. These clauses then 
become subclauses of an AND clause. The query is then refined using the validation set of 
seed studies until the information specialists are satisfied with the query.

3.2.1  Computational adaptations to the objective method

The computational adaptation of the objective method is seeded using seed studies and 
a background collection. A pipeline of statistical term extraction and classification steps 
is used to transform the contents of studies in the seed studies and background collection 
into a Boolean query. This pipeline is illustrated in Fig. 3. The steps in the pipeline are as 
follows: 

Parameter tuning  The parameters that control how terms are filtered or how many 
MeSH terms to add (i.e., those steps indicated by the   symbol are 
not tuned in the original proposed objective method by Hausner 
et  al. (2012). This is one of the major computational adaptations 
made. Tuning these parameters using different evaluation measures 
allows for queries to be automatically designed for specific purposes 
(i.e., broad searches for far-reaching systematic reviews, or highly 
specific searches for rapid reviews). Furthermore, to more fairly 
evaluate queries, the seed studies are split into three sets: develop-
ment ( 2

4
 ), validation ( 1

4
 ), and unseen ( 1

4
 ). The unseen set is used to 

evaluate how effective the query is on studies not used to construct 
or tune the query.

Term categorisation  The categorisation of terms into one of the three health categories 
is a manual process. To automate this process, the semantic type 
of a term is used. In previous work, the semantic type for terms is 
obtained by mapping the term into a UMLS concept using Meta-
Map. Terms are added to different clauses depending on the clas-
sification of the semantic type. Each of these clauses combines the 
terms using a Boolean OR operator.

3.2.2  Extensions to the computational objective method

The following extensions have been made to the computational adaptation of the objective 
method, as indicated by the + labels in Fig. 3. 

Phrase search  Queries were only formulated using single terms (i.e., uni-grams). Using 
phrases (i.e., n-grams) may improve the precision of queries by making 
them more specific. Here, we address this limitation by using the rapid 
automatic keyword extraction (RAKE) algorithm  (Rose et  al. 2010). 
RAKE extracts n-grams using term co-occurrence and term frequency 
statistics. Due to the reliance on statistics, rather than linguistic features, 
RAKE is domain-independent (thus suitable for the medical domain).
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3.3  Manual query refinement

Previous work, which proposed the computational adaptations of the conceptual and objec-
tive query formulation approaches  (Scells et  al. 2020b, c), also made the claim that the 
queries that are automatically formulated provide a good starting point for further manual 
refinement. To this end, this section describes the query refinement method that will form 
the basis for a case study to investigate this claim. Queries chosen for refinement have a 
manual query reduction applied to them. Specifically, keywords in the query that retrieve 
relatively high numbers of studies and no seed studies are removed. Keywords that also 
retrieve relatively few numbers of studies and no seed studies are removed. The outcome 
of the reduction process can improve both precision and recall, depending on where the 
keyword was removed (i.e, if the keyword was in a clause grouped by an AND or OR opera-
tor). To assist in the query refinement process, the searchrefiner tool is used  (Scells and 
Zuccon 2018b). This tool is used by information specialists to refine their own manually 
formulated searches, and the effectiveness of the tool at this task has been validated by oth-
ers (Clark et al. 2020). The query refinement process is completed by one of the authors of 
this study, who also developed the tool. The refinement process is also lengthy (10–30 min 
per query), therefore a random subsection of automatically formulated queries are chosen 
for the refinement process.

3.4  Seed study sensitivity analysis

In addition to improving and comparing the automatic conceptual and objective query for-
mulation methods between each other and manually formulated queries, we also perform 
a sensitivity analysis to determine how seed studies influence the effectiveness of the two 
automatic query formulation methods. Both computational adaptations of the conceptual 
approach and the objective approach use seed studies for relevance feedback. Each compu-
tational adaptation method closely models the way information specialists use seed studies 
in the respective manual methods. However, we do not have access to the original seed 
studies for each topic. The way we address this is by randomly sampling seed studies from 
the studies included in the systematic review from each topic. We then analyse the effect 
of this sampling by performing a 1-way ANOVA test. The two groups are the retrieval 
effectiveness of (i) the set of queries automatically formulated for a topic using different 
initial seed studies and; (ii) the original query formulated for the topic. Both sets of queries 
are evaluated on the ‘unseen’ portion of seed studies. Note that the objective method uses a 
development and validation portion of seed studies, and the conceptual method uses only a 
development portion. When formulated using the same seed studies, the development por-
tion for the conceptual method is the combined development and validation portion for the 
objective method. Also note that the manually formulated query does not change depend-
ing on the input seed studies in the ANOVA test: in reality this may not be the case; how-
ever, it will show how much the automatically formulated queries differ from a method 
that is ‘perfect’ at formulating effective queries. Manually formulating different queries for 
each topic for however many samples of seed studies are desired is infeasible as it would be 
highly costly and time consuming, requiring the expertise of trained information specialists 
(although may provide for a fairer comparison of how seed studies influence the sensitivity 
of query effectiveness).
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4  Experimental setup

Experiments are conducted on the CLEF TAR 2018 set of diagnostic test accuracy sys-
tematic reviews (Kanoulas et al. 2018). The CLEF TAR 2018 collection was designed as 
a shared Information Retrieval task for the purpose of developing methods to support the 
screening phase of systematic review creation. We adapt this collection for the use of auto-
matic query formulation. The CLEF TAR task has run for three years, however the 2017 
collection is a subset of the 2018 collection, and the 2019 collection contains systematic 
reviews of various types (including the 2017 collection). In this work only the 2018 col-
lection is used so as to control for the type of systematic review [i.e., diagnostic systematic 
reviews are much more difficult to search literature for than intervention reviews (Leeflang 
et al. 2013)]. This test collection contains titles, relevance assessments, and queries for 75 
systematic reviews. The PubMed entrez API (Sayers 2010) is used for retrieval and statis-
tics (e.g., document frequency). As there are multiple ways for the conceptual and objec-
tive methods to be run (i.e., terms versus phrases), we make this distinction clear as an 
instantiation of one of the methods. We define a set of queries formulated with different 
samples of seed studies for the same topic as an iteration. This creates a new problem, 
however, which is that the query formulation methods may be sensitive to the seed studies 
used. In total, we perform 30 iterations per query formulation instantiation, per topic. This 
was found to provide us a sufficiently powered statistical test. Note that the random split 
for a given iteration is the same across all query formulation instantiations and approaches. 
Next, to be able to compare the originally formulated queries for each topic to the queries 
we automatically formulate, we evaluate the original queries on the unseen portion of each 
iteration (giving 30 runs also for the original queries). In our results, we compare the aver-
age performance of a given evaluation measure across all iterations and across all topics, 
for each instantiation of a query formulation approach.

In previous work, for both computational adaptations, UMLS entities (CUIs) were 
extracted using MetaMap. There is a major limitation of MetaMap: it is not computationally 

Table 1  Results of each automatic query formulation method averaged across each topic, averaged across 
each of the 30 iterations of query formulation

Two-tailed statistical significance ( p < 0.05 ) between the original queries is indicated by *, between con-
ceptual (Cptl.) phrase and objective phrase formulation is indicated by † , between conceptual (Cptl.) term 
and objective term formulation is indicated by ‡

Precision F
0.5

F
1

F
3

Recall WSS

Original 0.0217 0.0267 0.0407 0.1439 0.9338 0.9181
Cptl. Phrase 0.0023∗ 0.0027∗ 0.0038∗ 0.0107∗ 0.5129∗ 0.4878∗

Term 0.0021∗ 0.0026∗ 0.0037∗ 0.0114∗ 0.6286∗ 0.5990∗

Objective Phrase/F
3 0.0031∗ 0.0037∗ 0.0055∗ 0.0213∗ 0.3572∗† 0.3571∗†

Phrase/F
3
/MeSH 0.0029∗ 0.0036∗ 0.0055∗ 0.0235∗ 0.5657∗ 0.5653∗

Phrase/Recall/ 0.0006∗ 0.0007∗ 0.0012∗ 0.0053∗ 0.5532∗ 0.5513∗

Phrase/Recall/MeSH 0.0005∗ 0.0006∗ 0.0010∗ 0.0048∗ 0.7935∗† 0.7899∗†

Term/F
3 0.0053∗‡ 0.0065∗‡ 0.0099∗‡ 0.0365∗‡ 0.4432∗‡ 0.4430∗‡

Term/F
3
/MeSH 0.0050∗‡ 0.0061∗‡ 0.0092∗‡ 0.0356∗‡ 0.5482∗ 0.5478∗‡

Term/Recall 0.0004∗‡ 0.0004∗‡ 0.0007∗‡ 0.0032∗‡ 0.8126∗‡ 0.8058∗‡

Term/Recall/MeSH 0.0002∗‡ 0.0003∗‡ 0.0005∗‡ 0.0022∗‡ 0.8780‡ 0.8692‡
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efficient. In this work, for mapping terms to and from UMLS entities, we use a custom 
Elasticsearch index containing the UMLS terminology. The matching of terms to entities is 
handled by the default ranking function of Elasticsearch 7.5.2 (BM25). For mapping term 
to a single entity, we always choose the top-most ranked entity. This method of entity map-
ping has been shown to be empirically comparable to MetaMap (Mirhosseini et al. 2014).

5  Results

5.1  RQ1: comparison to original queries

This section aims to address the RQ1: How does automatic query formulation compare 
to manual query formulation in terms of search effectiveness? We address this ques-
tion by comparing the automatic query formulation methods to the original, manually 
formulated queries. This comparison made in Table 1. The results in this table are the 
average performance across all topics and all iterations of seed study splits. Bold values 
indicate the highest performing method for the conceptual and objective approaches.

We find that none of the automatic query formulation methods can outperform the 
original, manually formulated queries. Indeed, often the queries formulated automati-
cally are significantly worse than the original queries. The highest performing automatic 
method in terms of recall and WSS (evaluation measures that are critical to the con-
struction of an effective systematic review) is the Term/Recall/MeSH instantiation of 
the objective method. The highest performing automatic method in terms of precision is 
the Term/F3 instantiation of the objective method.

In almost all measures, the objective instantiations outperform the conceptual instan-
tiations. Often, there are significant differences between the effectiveness of the objec-
tive and conceptual methods.

Fig. 4  Correlations between ratio of phrases ( |phrases|
|keywords|

 ) and ratio of MeSH terms ( |MeSH terms|

|keywords|
 ) in the original, 

manually formulated queries, and the effectiveness of those queries. Pearson’s correlation coefficient r is 
indicated beneath each plot
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Between both the conceptual and the objective methods, the term-based instantia-
tions are almost always more effective than the phrase instantiation counterparts. This 
suggests that more effective queries for systematic review literature search are those that 
contain single terms instead of a mixture of terms and phrases.

The impact of MeSH terms on queries (at least within the objective instantiations) 
is clear also: the gains achieved in recall are typically higher in objective instantiations 
that add MeSH terms to those queries that do not. This suggests also that the use of 
MeSH terms is critical for maximising recall.

5.2  RQ2: factors contributing to effectiveness

This section aims to address RQ2: what factors of automatically formulated queries 
contribute the most to effectiveness?. To answer this, we study the correlations between 
factors that may contribute to the effectiveness of queries and the actual effectiveness of 
queries.

5.2.1  Factor 1: choice of keywords

The first factor that is investigated is the choice of keywords in queries. Specifically, how 
phrases and MeSH terms contribute to effectiveness, and whether the effectiveness of auto-
matically formulated queries is due to the choice of keywords. Figure  4 illustrates how 
phrases and MeSH terms affect the originally manually formulated queries. Interestingly, 
while phrases caused a decrease in retrieval effectiveness for most automatically formu-
lated queries (as illustrated in Table  1, term vs. phrase instantiations), the addition of 
phrases is correlated with retrieval effectiveness for the original queries. This is also true 
when MeSH terms are added to the automatically formulated queries (also presented in 
Table 1, MeSH vs. no MeSH instantiations), indeed in the original queries, there is a mod-
erately strong correlation between the number of MeSH terms and effectiveness. These 

Fig. 5  Overlap between of keywords (e.g., terms, phrases, MeSH terms) between the originally, manually 
formulated queries and each instantiation of the automatic query formulation methods. The overlap is nor-
malised by the total number of terms in an automatically formulated query. Terms from all iterations of 
each instantiation of an automatic query formulation method are combined to compute the overlap
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findings suggest that more effective queries contain both phrases and MeSH terms, and that 
both phrases and MeSH terms are conducive of effectiveness. However, as the results in 
Table 1 illustrate, the identification and combination of these keywords are the most impor-
tant factors in terms of effectiveness. Furthermore, while more phrases can have a positive 
impact on the effectiveness of a query, the choice of phrases is more important.

Figure 5 furthers the point that not only is the identification of correct terms important, 
but also the way in which those terms are combined in a Boolean expression. This fig-
ure illustrates the normalised overlap of terms between the original, manually formulated 
queries and each instantiation of an automatic query formulation method. Interestingly, 
most automatically formulated queries have less than 10% of terms in common with the 
original queries. The intuition that a high keyword overlap between automatically formu-
lated queries and original queries results in high retrieval effectiveness does not hold when 
considering the objective Term/F3 and Term/Recall instantiations. The objective Term/
Recall/MeSH instantiation achieved the highest recall and WSS of all automatic formula-
tion instantiations (including conceptual methods), while the objective Term/F3 achieved 
the highest precision and F-measures. However, the objective Term/Recall instantiations 
have a lower term overlap than objective Term/F3 . This suggests that to obtain high recall, 
the choice of keywords is less important than the way keywords are combined in a Boolean 
expression, as although the objective Term/F3 instantiations have a higher overlap in terms 
than the objective Term/Recall instantiations (suggesting that they are more similar to the 
original queries), they obtain almost double the recall.

5.2.2  Factor 2: number of seed studies

The second factor that we investigate is the number of seed studies used in the automatic 
query formulation methods. This is because each topic has different numbers of seed stud-
ies for input. Note that this is reflective of reality as there is no set number of seed studies 
used in query formulation: it is possible that an information specialist is provided many, 
one or even no seed studies to develop a query. We perform this analysis with the intui-
tion that the more seed studies that can be used, the more successful a query formulation 
method should be at producing an effective query. The correlations between the number of 
seed studies used for query formulation and query effectiveness is presented in Fig. 6.

First, looking at the conceptual methods: The number of seed studies is weakly nega-
tively correlated with precision but more strongly correlated with recall, with respect 
to both the phrase and term instantiations. The conceptual term instantiation is indeed 
strongly correlated with recall.

Next, investigating the objective instantiations: The inverse is true for the phrase-based 
instantiations: more seed studies are more strongly correlated with precision and less cor-
related with recall. Indeed for many of the objective approaches, more seed studies does 
not necessarily correlate with any increase in recall. However, the term-based instantia-
tions of the objective method which optimise for recall do see a moderate correlation in 
both precision and recall; indicating that for at least these instantiations, more seed studies 
do indeed correlate with more effective queries.
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Fig. 6  Correlation between number of seed studies and effectiveness of queries. Each point in a plot refers 
to an iteration of the automatic query formulation approach given in the title (thus the x-axis is averaged 
across topics). Plots on the left correspond to precision, plots on the right refer to recall. Pearson’s r is indi-
cated between the two variables beneath the title of each plot

Table 2  Results of case study using manual query refinement after automatic query formulation

Precision F
0.5

F
1

F
3

Recall WSS

Original 0.0263 0.0324 0.0494 0.1686 0.8869 0.8232
Conceptual (formulated) 0.0025 0.0031 0.0049 0.0220 0.6458 0.6177
Conceptual (refined) 0.0020 0.0025 0.0040 0.0188 0.9166 0.9159
Objective (formulated) 0.0001 0.0002 0.0003 0.0017 0.9687 0.9607
Objective (refined) 0.0009 0.0011 0.0018 0.0090 0.9375 0.9368
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5.3  RQ3: effectiveness after manual refinement

This section aims to address RQ3: Which automatic query formulation method provides 
the most effective starting point for manual refinement? We address this question through a 
case study where we manually refine a small subset of the automatically formulated queries 
by removing terms from the query. We take a small subset of queries (approximately 10% 
of topics, 8 in total) from the highest performing iterations in terms of recall and manually 
apply query reduction using the validation set to validate the effectiveness of the queries. 
The results of this case study are presented in Table 2. We first compare the results of the 
automatically formulated queries and the same queries, but manually refined. The queries 
automatically formulated using the conceptual approach perform the worst (mirroring the 
results in Table 1). However, once refined, the recall of these queries outperforms the same 
original queries, with a marginal drop in precision. On the other hand, manually refining 
the objective queries resulted in a small drop in recall and a small increase in precision. 
This suggests that queries automatically formulated using the conceptual approach have the 
ability to be much more effective once refined, and that the objective approach formulates 
queries with a very high recall which is difficult to maintain while increasing precision 
when refining. This leads to an overarching result about query formulation in this domain: 
it may be easier to refine a query to increase recall when precision is high than it is to refine 
a query to maintain recall and increase precision when recall is high.

Fig. 7  Sensitivity of the two instantiations of the automatic conceptual query formulation method, meas-
ured using precision and recall. Left: phrase-based instantiation, right: term-based instantiation. Approxi-
mately one-third of topics obtain high recall with relatively low sensitivity (far right topics in bottom plots), 
while another third is highly sensitive to seed studies (middle topics in bottom plots). The last third of top-
ics did not retrieve any relevant studies (far left topics in bottom plots). Meanwhile, for both instantiations, 
many topics obtained very low precision, except for a handful from the conceptual Term method; although 
these topics mostly vary in effectiveness
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5.4  RQ4: sensitivity to seed studies

This section aims to address RQ4: How sensitive to variation in the initial seed studies are 
the automatic query formulation approaches? We address this question by analysing the 
per-topic performance of each instantiation of both of the fully automatic Boolean query 
formulation methods. This is shown in Figs. 7, 8, and 9. Each of these figures illustrates 
the per-topic breakdown of the effectiveness of each instantiation of an automatic Boolean 
query formulation method (given in the title) in terms of precision or recall (the y-axis). 
Boxes in each plot are ordered by the average performance of each topic to better show the 

Fig. 8  Objective F 3-optimised query formulation. Left: without MeSH terms, right: with MeSH terms. 
Overall, these instantiations have the highest variability in terms of both recall and precision. There is little 
difference between the phrase-based instantiations and the term-based instantiations
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differences between instantiations of the query formulation methods. Note that this means 
that plots cannot be compared to each other using the x-axis.

First, examining the topic breakdown plots for the conceptual instantiations in Fig. 7, 
we note that while some topics are able to achieve reasonably high performance, a number 
of topics result in an overall poor average performance. The recall plots specifically tell 
an interesting story: a number of high-performing topics show low variability and closely 
match the performance of the original queries. Meanwhile, the majority of topics display 

Fig. 9  Objective recall-optimised query formulation. Left: without MeSH terms, right: with MeSH terms. 
The term-based instantiations have the lowest variability in recall overall, while also achieving the high-
est recall overall. Meanwhile, the phrase-based instantiations are similar in variability to the F 3-optimised 
instantiations
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very high variability in effectiveness. The precision of topics in the conceptual instantia-
tions is overall poor, and for most topics there is little variations in the low performance. 
However, approximately one quarter of topics from both instantiations are sensitive to seed 
studies, causing variation in retrieval effectiveness—suggesting that for these topics, the 
choice of seed studies does indeed have an. Approximately one quarter of topics in both 
instantiations retrieve no relevant studies across all iterations. For the automatic conceptual 
method, the choice of seed studies can have a considerable impact on the overall effective-
ness of certain queries, especially recall.

Next, we report the variability for the objective instantiations which optimise for F 3 
in Fig. 8. Overall, there is a high amount of variability in the effectiveness of queries 
for both precision and recall, for all instantiations. Between the phrase and the term 
instantiations, there is little difference in the amount of variability due to the seed stud-
ies. Indeed for the majority of topics, there is a high statistical difference between the 
variability of the original queries and the automatically formulated queries. Comparing 
these instantiations to the previous conceptual instantiations, on a per-topic basis, these 
instantiations are more likely to produce queries that retrieve more relevant studies: 
fewer topics overall retrieve zero studies. However, when averaged across each iteration, 
the conceptual instantiations achieve a higher recall as there is less variability. This may 
be due to the fact that these instantiations attempt to put some weight towards precision 
during the tuning process: overall these instantiations obtain the highest precision out of 
all other instantiations studied in this article.

Finally, we report the variability for the objective instantiations which optimise for 
recall in Fig. 9. The most immediate result is the relatively low variability in recall for the 
objective Term/Recall/MeSH instantiation. This instantiation is the most tolerant to sen-
sitivity in seed studies among all methods. Comparing across all other instantiations, the 
queries automatically formulated for this topic have the lowest overall variability. The aver-
age recall across all topics and iterations for this particular instantiation is very close to the 
original queries. However, this must be balanced with the significant difference in preci-
sion between these queries and the original ones. Comparing these queries to the objective 
queries tuned for F 3 , there is a large difference in the variability between the phrase-based 
instantiations and the term-based instantiations. This is unlike the instantiations tuned for 
F 3 , where there is little difference in the variability of queries between phrase-based and 
term-based instantiations. For all of the instantiations in Fig.  9, the precision of almost 
all topics is low, as is expected when queries are tuned for recall. Unlike the conceptual 
instantiations or the objective instantiations tuned for F 3 , the variability in precision among 
these topics is low for almost all topics.

6  Discussion

6.1  RQ1: comparison to original queries

The first research question, how does automatic query formulation compare to manual 
query formulation in terms of search effectiveness? guided the investigation into compar-
ing Boolean queries derived from two automatic query formulation methods to original, 
manually formulated Boolean queries. We found that the automatic query formulation 
methods investigated in this work, are only somewhat effective compared to the original, 
manually formulated queries. This demonstrates the utility of information specialists in 
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applying their expertise to query formulation. That being said, we suspect that the intel-
lectual burden involved in query formulation can be massively reduced through the use of 
automatic query formulation. It is also worth noting that the original, manually formulated 
queries have undergone the scrutiny of colleagues and peer review: these steps are likely to 
greatly improve the quality and effectiveness of queries making the comparison performed 
in this study more stringent (as we do not have access to the queries prior to these quality 
control steps).

6.2  RQ2: factors contributing to effectiveness

The second research question, what factors of automatically formulated queries contrib-
ute the most to effectiveness? guided the investigation into two specific factors that were 
seen to likely contribute the most to effectiveness of queries. We performed an extensive 
analysis to determine if these factors of the automatically formulated queries lead to 
effective queries. Firstly, we found that in order to have a high recall, it is not necessary 
to have the same terms as the original queries. In fact, we found that a high term overlap 
with the original query instead lead to high precision. Next, we identified that queries 
with MeSH terms are more conducive of higher recall, and that the more MeSH terms 
in a query, the more effective that query is. For all instantiations of the conceptual and 
objective methods, we also found that the use of phrases reduces recall while increasing 
precision. Although higher numbers of keywords in the original queries strongly cor-
related with higher effectiveness, suggesting that the use of many phrases, MeSH terms, 
and terms could be beneficial, the key finding for us was that the choice of keywords is 
more important than the number of keywords. We also found that generally, the more 
seed studies that were used for automatic query formulation, the more effective queries 
were, in both precision and recall. However, there is still work to be done to reduce the 
variability of query formulation. As the conceptual and objective methods are determin-
istic, the only variable introduced to each method is the set of seed studies used to start 
the query formulation process for each method.

6.3  RQ3: effectiveness after manual refinement

The third research question, which automatic query formulation method provides the 
most effective starting point for manual refinement? guided a case study that involved the 
manual refinement of automatically formulated queries. We found that when some manual 
effort is expended to refine the automatically formulated queries, i.e., through query reduc-
tion, the queries can become as effective as the original queries. Specifically, we found that 
the automatic conceptual approach should be chosen when recall is the preferred meas-
ure to optimise a search for, and the automatic objective approach should be chosen when 
precision is the preferred measure to optimise a search for. The automatically formulated, 
manually refined queries obtain a higher recall than the manual, original queries. However, 
the precision of the manually refined queries is still lower than original queries. Further-
more, it was found that the conceptual queries obtained a much higher recall once manually 
refined, while approximately maintaining their precision. Note that the refinement was per-
formed by an author of the paper and not an experienced information specialist. It is likely 
that if an experienced information specialist were to refine the automatically formulated 
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queries, then both precision and recall could be increased, in line with the effectiveness of 
the original queries.

6.4  RQ4: sensitivity to seed studies

The fourth research question, how sensitive to variation in the initial seed studies are the 
automatic query formulation approaches? guided the investigation into the sensitivity of 
the automatic query formulation methods in terms of retrieval effectiveness. Almost all of 
the automatic Boolean query formulation methods investigated in this work were highly 
sensitive to the initial seed studies. While we cannot know for certain if manually formu-
lated queries using the conceptual or objective approaches are as sensitive to seed studies, 
as this would require humans to develop searches, the effectiveness of manually formulated 
queries is almost always higher than automatic approaches. While the conceptual query 
formulation methods offer a more consistent base for manual query refinement than the 
objective F 3 instantiations, the most consistent and least sensitive to seed studies was the 
objective (Term/Recall/MeSH) instantiation. However, as the results of the manual refine-
ment show, these queries are more difficult to refine (to increase precision while maintain-
ing recall) than the conceptual (Term) instantiation which was easier to refine (to increase 
recall while maintaining precision). To truly determine the most effective base for manual 
query refinement, a large scale user study must be undertaken. We leave this for future 
research.

7  Conclusions

This article presented extensions to two existing automatic Boolean query formulation meth-
ods. Instantiations of these methods were compared with each other between formulation 
methods and within instantiations of a method. Automatic instantiations of the objective and 
conceptual methods were also compared to queries formulated manually for the same topics. 
An analysis to determine which factors produced more effective queries was undertaken as 
well as an analysis on how sensitive the automatic query formulation instantiations are to seed 
studies. We also performed a small case study to determine which instantiation of the highest 
performing formulation method provides the best starting point for manual query refinement 
and how the sensitivity to seed studies may affect this. Our main findings are that while the 
automatic Boolean query formulation instantiations of the objective and conceptual methods 
on their own cannot beat the performance of the original queries, with some manual refine-
ments (in this case query reduction), they can be more effective. The conceptual computa-
tional adaptions should be used for this purpose as they achieved the highest precision once 
refined, and a comparable recall to the original queries. If no manual query refinements are 
desired the objective adaptations are a more suitable choice; however, the trade-off between 
precision and recall depends on the evaluation measure optimised. We also found that both 
automatic methods are sensitive to seed studies, and that the instantiations of these methods 
that are term-based are generally less sensitive to variation and more effective. Instantiations 
that use MeSH terms generally have a higher recall with a trade-off in precision, and instantia-
tions that use phrases generally have a higher precision with a trade-off in recall.

The results of this article impact both new techniques for automatic Boolean query formu-
lation for systematic review literature search, as well as manual approaches. Our empirical 
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findings confirm the intuitions that queries should prefer terms to increase recall and carefully 
chosen phrases to increase precision. The choice of seed studies can have a significant impact 
on the resulting query, and these should be chosen carefully to ensure maximum coverage of 
relevant studies.

In our future work, we plan to undertake a user study to measure how sensitive manu-
ally formulated queries are to seed studies (rather than approximating as in this work) and 
to investigate query reduction methods to automatically refine queries to further improve the 
performance of the automatic objective and conceptual methods. Another aspect of query for-
mulation which was not investigated in this work is the quality of seed studies. One possible 
direction of research is to develop evaluation criteria to predict the effectiveness of a resulting 
query given a set of seed studies.

The end goal of this line of research is to integrate it into tools for information specialists to 
use to reduce the cognitive burden of query formulation, to provide a less subjective basis for 
query formulation, and to ultimately improve the systematic review creation process by reduc-
ing the total number of studies to screen for inclusion in the systematic review.
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