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Abstract

There is increasing interest in improving the efficiency of systematic review production, yet
there is limited literature considering its application within the education field. This article
analyses the study identification process adopted in a systematic review on effective
teacher professional development, which identified 121 randomised controlled trials.
It considers both human and technological inputs that aided production. It draws
on project notes, an analysis of database sources and terminology used to identify
randomised controlled trials, a retrospective evaluation of useful search terms and an
analysis of using machine learning to reduce human workload during eligibility screening
of citation records. Study identification was aided by four team processes (relating
to ways of working and understanding the review context), the choice of information
sources spanning education, psychology and economics research, and a variety of search
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terms for randomised controlled trials. The search resulted in 5,527 records identified
from the main searches, and a further 3,614 records from forward and backward citation
searching from the 121 included randomised controlled trials. Machine learning reduced
screening workload, but implementation challenges included decisions on when to
cease manual screening. In conclusion, carefully planned literature searches combined
with machine learning to support eligibility screening can provide workload savings for
sensitive study identification of randomised controlled trials in education. Improved
reporting of randomised controlled trial design within research would aid these processes.
Tools could also be developed to aid implementation of machine learning.

Keywords systematic review methods; literature searching; information retrieval; machine
learning; text mining; citation screening; randomised controlled trials; citation searching

Introduction

Since the early 2000s, researchers have documented the challenges of efficiently and comprehensively
identifying randomised controlled trials (RCTs) within education and social sciences for systematic
reviews. Early work documented the challenges of retrieving relevant studies from bibliographic
database searches and identifying research published outside peer-review journals (Petrosino et al., 2000;
Turner et al., 2003). Such issues remain, and they have been compounded by the growth in primary
research production over time, which makes study identification even more time-consuming, prompting
the use of automation to support the review process (Gough and Thomas, 2016). The purpose of this
study is to explore the study identification processes used in an education review — including both
traditional (manual) and newer (semi-automated) approaches — to better understand the challenges and
solutions in this discipline.

Background

The production of systematic reviews within the field of education is increasing. In January 2025, an
international registry of protocols and published systematic reviews in education (IDESR, n.d.) contained
over 490 entries for language education alone, of which a third are dated from 2020, despite containing
reviews as far back as 1981. The Campbell Collaboration (n.d.) has published 50 systematic reviews
since 2006, and the UK Educational Endowment Foundation (EEF, n.d.) toolkit of evidence contains over
50 evidence reviews since it started in 2011. These registries of education systematic reviews indicate an
active research field. There is also demand for rapid reviews for informing policy decisions in education
(Wollscheid and Tripney, 2021).

Despite a proliferation of education evidence syntheses, there is a dearth of recent literature
focusing on the methods of study identification for systematic reviews within the education field.
Specifically, there is a small evidence base for education reviews on which information sources to search
and which search terms to use. This is a problem, because identifying the studies to analyse within
a systematic review often requires a substantial amount of time. It calls for a literature search that is
thorough enough to capture the research that exists, and for the search results to be screened against
the eligibility criteria for the review.

Typically, the search strategy is tailored to limit the volume of research that should be manually
screened for eligibility. Adopting machine learning to reduce the volume of manual screening may
provide some flexibility in undertaking a literature search, and it could contribute to timely provision of
systematic reviews. In a semi-automated prioritised screening approach, manual screening decisions
train a machine classifier to rank the literature search results in order of likely relevance, and those that
appear to be least relevant after repeated iterations of manual screening and machine classification are
not screened. This reduces the manual screening workload. Machine learning for screening titles and
abstracts is increasingly available within many systematic review software tools (Jimenez et al., 2022),
and this approach has been used and evaluated particularly within the healthcare domain (O’'Mara-Eves
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et al., 2015). However, its application to education reviews has not been evaluated. There is therefore a
need to consider and share experiences of how study identification of education research can balance
thoroughness with efficiency, and how it might be supported by machine learning.

Identifying studies, especially RCTs, in education

Education research is typically identified from a range of sources. To identify education research,
MacDonald et al. (2024) advised searching beyond main subject resources (such as the education
database ERIC), and searching databases in other research fields that are relevant to the research
question (for example, psychology and others). In their context of undertaking multiple education
reviews, Heck et al. (2024) found that searching discipline-focused international resources (either ERIC
or Education Research Complete [EBSCO]) and national (German) databases was better than searching
the multidisciplinary resource Web of Science. However, Pickup et al. (2018) found, for two systematic
reviews of experimental studies on specific education topics, that searching multidisciplinary databases,
checking references of key studies and reviews, and manual website browsing were important for
identifying unique research in addition to subject-specific databases. Planning a literature search is
challenging, and Wade et al. (2006) emphasised the importance of involving experienced information
specialists in the literature searching stage.

Poor reporting quality is one potential barrier to study identification in general, but it appears to
be magnified for identifying RCTs in education research. A survey of 89 RCTs, published in high-impact
journal articles of education research, found that an indication of an RCT design was present in just
32 per cent of abstracts and 1 per cent of titles (Grant et al., 2013), although this may have since improved
with availability of reporting standards, such as CONSORT-SPI (Grant et al., 2018). One problem may
lie in conveying potentially complex methods using randomised controlled study designs within a brief
abstract. For example, a majority of recent RCTs in education used a cluster-randomised design (Connolly
et al.,, 2018), and the units of random assignment of an intervention may differ to the units being tested
— for example, hierarchical designs where an intervention is targeted at a school, classroom or teacher,
but outcomes are measured at the student level (Puma et al., 2009). Such complexity can be difficult to
convey in the limited word count required by most journals. Poor reporting of research hinders discovery
through browsing journals or searching databases, especially where it makes database indexing more
difficult; this lack of discovery may ultimately contribute to research waste and duplication of research
that has already been done (Layton and Clarke, 2016).

Regarding search terms for RCTs, the former Campbell Collaboration guidance (Kugley et al., 2017)
advised taking a broad approach beyond searching for study types, and to experiment with different
keywords ‘such as study, studies, evaluation, control group*, random* etc.’ (Kugley et al., 2017: Section
5.5.5; emphasis in original), while balancing inclusiveness with the time and budget available. For their
scoping review of RCTs within the education field, Connolly et al. (2018) used a wide set of terms for title
searching to be inclusive and parsimonious (that is, they used a broad range of terms, while trying to
avoid multiple terms that did not retrieve anything new and useful).

Overall, there is no clear approach on the optimal information sources or search terms for
identifying RCTs in education. Furthermore, we are not aware of any published work reflecting on the
implementation of machine learning for eligibility screening in this field. This study contributes to this
area by exploring the study identification processes used in an education review to better understand
the challenges and solutions in this discipline. It considers both human and technological inputs that
aided production. As part of doing so it aims to understand:

1. elements that helped with developing the search strategy to identify RCTs on teacher professional
development

which database sources were most useful for finding relevant RCT studies

what search terms help identification of RCTs

the benefits and challenges of using semi-automated screening on the database search results
the benefits and challenges of two semi-automated screening approaches on the results from
citation searching.

gk wn
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Methods

Design

This study describes the authors’ experiences of study identification from undertaking one systematic
review (Sims et al., 2021, 2023), and it is strengthened by retrospective analyses of the methods used. It
also draws on a sample of 947 records included in a scoping review of RCTs in education (Connolly et al.,
2018), which was analysed after the Sims et al. (2021, 2023) systematic review was completed.

Data

The original systematic review analysed the characteristics of effective teacher professional development
(Sims et al., 2021, 2023). The review was undertaken in nine months, and it identified 121 relevant RCTs
published in English between 2005 and 2020, of which 104 contained sufficient data on effect size for
undertaking meta-analysis. Studies were identified by searches of 10 scholarly databases of research
and other sources to yield 5,527 records for screening, after de-duplication. Machine learning (based on
text-mining) was used to iteratively rank the references in order of likely relevance so that 57 per cent
(3,140) of these records were screened manually by the review team, with the remainder unscreened.
EPPI-Reviewer software (Thomas et al., 2022) was used to store, screen and analyse the research citations
identified from the search. Manual searches of relevant websites were undertaken by reviewers with
prior topic knowledge of the review focus. In addition, a rapid approach to forward and backward
citation searching was undertaken on the studies in the review synthesis that were available in Microsoft
Academic (n = 108). This involved searches of Microsoft Academic within the EPPI-Reviewer interface
to yield 3,614 new records after removing duplicates. The search results were ranked by relevance
using two separate machine-learning classifiers, and 11 per cent of the 3,614 records ranked as most
relevant were manually screened. The review team comprised education research and practice experts,
an experienced systematic reviewer (AOE) and an experienced systematic review information specialist
(CS) (the latter two being authors of this study). The methods are reported in further detail in the original
review report (Sims et al., 2021).

The data for the present study largely come from the bibliographic records stored in EPPI-Reviewer
that were collated as part of the original review (Sims et al., 2021, 2023). This database was used to run
simulations of prioritised screening (that is, the ranking of records in order of most likely to least likely to
be relevant to the review using machine-learning techniques), which generated new datasets (described
below). Finally, data for the reflective work came from notes and emails recorded by the research team
during the original review.

Analysis

Five approaches were taken to address the research aims:

1. Reflection on search strategy development to identify RCTs on teacher professional development:
Reflection was supported by notes saved during the search strategy development phase and
rereading of emails between the review team and the information specialist. This primarily
addressed the first aim: to identify elements that helped with developing the search strategy.

2. Analysis of sources from which the RCTs were retrieved: Database sources of 121 citation records
of RCTs included within the systematic review (Sims et al., 2021, 2023) were identified from the
duplicate-report function within EPPI-Reviewer and analysed in Excel. The data were checked for
duplicates. The citation records from the original searches undertaken during November 2020 were
grouped into those identified from the primary database used, ERIC (EBSCOhost), and those only
identified elsewhere. The records that were not found through the original searches of ERIC were
checked to see if they were present within ERIC by searching on phrases within their titles. This
addressed the second research aim: to identify database sources that were most useful for finding
relevant RCT studies.

3. Retrospective evaluation of useful search terms for identifying randomised controlled trials:

a.  Controlled vocabulary used by electronic databases: Bibliographic records of the RCTs found
from ERIC were checked for ERIC descriptors that could indicate an RCT study design. For the
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RCTs found in other databases (not present in ERIC), their records within the databases were
checked for any controlled terms associated with an RCT design. Analysis was supported by
using a frequency of subject headings function in EndNote reference management software
(EndNote Team, 2013)

b.  Free text terms: Terms in the titles and abstracts relating to an RCT study design were
extracted from two datasets: 121 records and 947 records used for a scoping review of
RCTs in education (Connolly et al., 2018) (obtained after removing records without abstracts,
duplicates and spell-checking, and split into citations using TextWedge). Text analysis was
undertaken iteratively using Antconc (Anthony, 2023) to determine frequency of terms per
record, searching the records within EndNote with identified terms, and scanning remaining
records without these terms for suitable search terms. This addressed the third aim:
determining which search terms help identification of RCTs.

Benefits and challenges of using semi-automated screening on the database search results:

a. The process of semi-automated prioritised screening is described in the findings, along with
a reflection on implementing this process during the review

b.  Retrospective simulations were undertaken of a prioritised approach to screening title and
abstracts, and both before and after records from backward and forward citation searching
were incorporated (including the citation search results reduced the yield of included studies
from 6 per cent to 4 per cent at title-abstract screening stage). A tool within EPPI-Reviewer
simulated the prioritised screening process involving continuous active learning. The tool
randomly samples ‘seed’ records with two include and two exclude decisions from the original
review and runs a standard logistic regression algorithm over every 25 records ‘screened’.
This is undertaken 10 times to account for variation in the initial ‘seed’ records. The output
datawere imported into Excel to calculate average screening volume for recall of the included
study records at 90, 95, 99 and 100 per cent recall.

Benefits and challenges of two semi-automated screening approaches of the results from citation
searching: Two approaches were used to rank the results of forward and backward citation searching
by likely relevance, and the most relevant were manually screened. One approach was based on
the screening decisions in the review, and the second on relevance-ranking of RCT-design (which
is explained further in the findings and discussion section). We compared both approaches from
retrospectively analysing the relevance ranking of the records.

Findings and discussion

Elements that helped with developing the search strategy

Four main elements helped the information specialist (CS) to develop the search strategy:

1.

Drawing on previous work: Terms for both professional development and RCTs needed to be
developed for the database search. Enquiries were made to the Campbell Information Retrieval
Methods Group to identify approaches for finding RCTs. The strategy to search for RCTs was
developed using terms that had previously been applied to a scoping review of RCTs across
education research (Connolly et al., 2018). These terms were modified to avoid obtaining
unnecessarily high volumes of search results (which was identified during test searches), and
additional terms were introduced to reflect the context of the review (for example, using terms
for 'randomised’ near to the terms for ‘teachers’ or ‘educators’). The search terms were also
informed by investigating relevant references from three published reviews on teacher professional
development (Filges et al., 2019; Kennedy, 2016; Kraft et al., 2018) and from previous experience of
evaluating search terms to identify controlled trials for a public health register of research (TROPHI,
EPPI Centre).

Knowing in advance that not all records would be manually screened: The literature search aimed
to be comprehensive, and bibliographic database searches aimed to achieve a pragmatic balance
of being focused on the topic with sensitivity to capture relevant records. Although it was planned
to apply semi-automated prioritised screening and not manually screen the least relevant search
results, at the literature searching stage, it was neither clear how many would need to be screened
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manually, nor if there would be a clear cut-off threshold for ceasing manual screening. Therefore,
while using this method allowed some flexibility on the volume of records obtained from the
database search, there were still boundaries on the acceptable volume of search results. Searching
the ERIC database alone yielded 3,808 records, and the ERIC database search was used as a
template for searching the other databases.

3. Teamdiscussions: The information specialist engaged with the rest of the team on the approach for
screening the title and abstract records. The topic experts within the review team initially favoured
a narrow approach for identifying RCTs, with the expectation that authors of RCTs would want to
clearly state their method in the title and abstract. However, exploratory searches in ERIC found
records showed that title and abstract could not be relied upon to indicate an RCT design. These
searches also showed that relying on controlled vocabulary for identifying RCTs was not sufficient.
It was important for the information specialist to collaborate with the whole review team to gain
understanding of the topic and expectations of volume, to illustrate challenges identified through
the exploratory searches and to discuss how the results would be screened.

4.  lteratively designing the search: The search was developed through iterative testing, and through
sharing search terms and findings with the team (which is conventional practice).

Which database sources were most useful for finding relevant RCT studies?

The number of total and unique relevant records identified in each database source are shown in Table 1.
Out of 121 records, 83 (68.6 per cent) were found from ERIC (EBSCOhost). A further 7 were present in this
platform of ERIC, although missed by the searches owing to either not containing the search terms used
for professional development (in the case of 5 records), or being added to the database after the original
search was conducted (2 records). However, the results appear variable, for at least 2 other records were
on ERIC (EBSCOhost) at one stage but could not be located on a later date, even though they were
present on the public ERIC platform at eric.ed.gov (that is, it seems that the EBSCOhost platform did
not consistently hold records that were on the public version of the ERIC database, based on the searches
to check the presence of individual records).

Of the 38 (31.4 per cent) records not identified from ERIC searches, 17 were identified from
manual searching and browsing of website sources, and 21 were identified from the following databases:
Psyclnfo (OVID) (n = 12), Education Abstracts (H.W. Wilson, EBSCOhost) (n = 8), Econlit (EBSCOhost)
(n = 2), British Education Index (EBSCOhost) (n = 2), Educational Administration Abstracts (EBSCOhost)
(n = 2), Microsoft Academic Graph (MAG) (EPPI-Reviewer interface) (n = 2) and Australian Education
Index (ProQuest) (n = 1). Of these 21 records, 6 were in multiple databases.

MAG was only used for forward and backward citation searching. Forward citation searching was
important for retrieving 2 records that were missed from the database searches as they did not have
search terms or indexing that identified them as RCTs (these records were present within PsycInfo but
not clearly retrievable as an RCT). No additional records were identified from backward citation searching
in MAG.

Table 1. Records included in Sims et al. (2021, 2023), identified by database searches

Source Relevant records Unique (n = 15) Controlled terms Details of uniquely
for RCTs (present identified items
within the and publication
identified study source
records only)

ERIC (EBSCOQO) 83 (out of 20 known  (not determined) Control groups (not determined)

to exist in Experimental
database) groups

Outcome measures
Program evaluation
RCTs
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Source

Relevant records Unique (n = 15)

Controlled terms
for RCTs (present
within the
identified study
records only)

Details of uniquely
identified items
and publication
source

Study records not identified by the original systematic review searches in ERIC

PsycInfo (OVID)

RCTs
Methodology:
Clinical trial

Correnti et al.
(2021) (Reading
Research Quarterly)
Connor et al. (2007)
(Science)

Haring (2013)
(doctoral thesis)
Landry et al. (2017)
(Early Childhood
Research Quarterly)
Mazzie (2008)
(doctoral thesis)
Reinke et al. (2018)
(Prevention
Science)

Snow et al. (2014)
(Advances in
Speech Language
Pathology)

Education
Abstracts (H.W.
Wilson,
(EBSCOHost)

None

Ansari and Pianta
(2018) (Early
Childhood
Research Quarterly)
Arteaga et al.
(2019) (Evaluation
Review)

Econlit
(EBSCOHost)

None

Jacob (2017)
(Labour Economics)
Jerrim and
Vignoles (2016)
(Economics of
Education Review)

BEI (EBSCOHost)

None

Anonymous (2018)
(Education Journal
- report of trial by
EEF)

Australian
Education index
(ProQuest)

RCTs
Program evaluation

Dix et al. (2018)
(report)

MAG (citation
searching,
EPPI-Reviewer)

None

Castro et al. (2017)
(Early Childhood
Research Quarterly)
Prast et al. (2018)
(Learning and
Instruction)

Educational
Administration
Abstracts
(EBSCOHost)

None

London Review of Education
https://doi.org/10.14324/LRE.23.1.11



Balancing workload with sensitivity to efficiently identify RCTs in an education systematic review 8

What terms support identification of RCTs?

Free-text searches of title, abstract and author keywords are essential for searching on RCT design in the
bibliographic databases, as only around one-third of the records would be identified using the controlled
vocabulary detailed in Table 1, Column 4. Useful controlled terms that indicate an RCT design were
limited to records from ERIC, Psyclnfo and the Australian Education Index.

Text analysis of titles and abstracts from the 121 RCTs (from Sims et al., 2021, 2023) show the
importance of being expansive in using terms related to RCT design and going beyond synonyms for
‘randomised’. Analysis of the second dataset of 947 RCTs across different education subfields (from
Connolly et al., 2018) strengthens this conclusion, and both datasets were used to develop a set of terms
and phrases to test in future searches (available from Stansfield, 2025). Five key findings on these search
terms are described here:

1. Use terms describing the control arms or intervention groups without an indication of ‘random’,
for example: ‘treatment/experimental groups’, ‘experimental conditions’, ‘treatment as usual’
and 'business as usual’. This includes using alternative terms for controls such as ‘control’ and
‘comparison’ (one abstract used the term ‘contrast group’). However, the word ‘control’ (as in
‘control students’ or ‘control teachers’) also yields records pertaining to behaviour control.

2. Use different terms for potential types of grouping (for example, ‘student’, ‘classroom’, ‘teachers’,

‘'school’, ‘condition’).

Use phrases such as ‘randomly allocated’, ‘'random assignment’ or ‘randomly divided'.

Use plurals for trial and related words to identify records that describe multiple studies.

Consider searching on the abbreviation 'cRCT' for a ‘cluster randomised controlled trial’, although

this may also locate other uses of this abbreviation, such as criterion-referenced competency tests.

o w

The benefits and challenges of using semi-automated screening on the database
search results

Machine learning using text-mining within the EPPI-Reviewer review management software was used to
rank all records in order of potential relevance, known as prioritised screening. This semi-automated
approach involves active learning, whereby the accuracy of relevance ranking is improved by the manual
screening decisions of reviewers, so that the machine-learning system ‘re-ranks’ at differing screening
time-points (EPPI Centre, n.d.). To complete the review within the nine-month deadline, using prioritised
screening and stopping screening at an appropriate stage was important. Manual screening of title
and abstract records was undertaken on 3,140 records, including those that only had titles and all those
identified from manual web searching and browsing. The unscreened records remaining when screening
ceased was 2,386. Screening results from citation searching is considered separately in the next section.

Application of prioritised screening can be beneficial when developing search strategies, although
it does not remove challenges in designing a suitable search. A benefit is that search results are not as
closely bound to the level of resources available to screen, compared with a traditional search. However,
a challenge is that it is unknown at this stage how many records from the search results will need to
be manually screened. This uncertainty requires the searches to avoid relatively excessive volumes of
results where possible. Retrospective prioritised screening simulations on different dates show that
increasing the volume of irrelevant records by 60 per cent would have increased the volume of records to
be screened by at least 49 per cent (1,011 records) and 65 per cent (1,125 records) for 95 per cent recall.
While these figures are only a tentative indication of impact, they show how variation at the search stage
may increase the number needed to be manually screened.

Another benefit of this approach was reduction in time spent screening, as 43 per cent (2,386) of
the database search results were not screened. Manual screening of the records required careful reading
owing to the diverse terminology of the topic, so screening relatively modest volumes of records was
time-consuming. For example, of the 347 records included at abstract screening stage, 79 were flagged
for a second opinion for inclusion, indicating that inclusion was not clear. All of these were incorporated
within the full-text retrieval stage. Therefore, we consider this approach as timesaving, although note that
time spent screening was not measured in the present study. Further, screening low-relevance records
may require less time than screening higher relevance records (Stansfield et al., 2022). Also, a decision
was taken to manually screen all the title-only records (that is, those without abstracts) from the database
search results because it was uncertain how well screening prioritisation would work for them. While this
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decision may sometimes have implications for reducing workload savings, it was only around 120 records
in this case.

The decision to cease manual screening is a challenge in the absence of commonly accepted
stopping criteria. In this case, stopping criteria were based on two factors: observing a plateau in the
screening inclusion rate (Figure 1) and exceeding a predicted number of includes. This prediction was
achieved by double-screening a random sample of 15 per cent (n = 863) of the records before applying
machine learning, which was determined to be a sufficiently powered random sample (the methods are
detailed in Appendix 1 of Sims et al., 2021). At this stage, 344 records were seen as potentially relevant,
which corresponds to an inclusion rate of 11 per cent for the records manually screened, and 6 per cent
of the total records available to screen at that stage. These values informed the decision to stop manual
screening, but this approach is a crude estimate and has not been formally evaluated; the approach was
taken in the absence of any consensus or guidance around appropriate stopping criteria at the time of
the study.

A decision not to conduct full double-screening is both a benefit (in terms of work saved) and
a challenge (in terms of uncertainty around manual screening errors). Within the team, there were
three main screeners and a fourth who helped with title-only screening, resolving disagreements and
screening of the records from citation searching. They were all familiar with education research, and
two were experts in the review topic area. This supported an approach that involved single-screening
after ensuring that there was sufficient consistency from double-screening. Although 15 per cent
(n = 863) of the available records were screened by two reviewers, the manual process is not without
error. A recent estimate from screening titles and abstracts in health literature estimated that screening
errors led to 13 per cent of missed studies for single screeners, and 3 per cent in dual screeners
(Gartlehner et al., 2020). Belur et al. (2021) analysed inter-rater reliability in screening for two reviews
of crime-related research: they observed variation in subjective decision-making both by individuals at
different time-points of screening and between screeners, and individuals differed in their responses
to ambiguous abstracts. It is not known how prioritised screening can help or hinder the reliability
of screening decisions, and reliability might vary through screening time-points. For example, in the
early stages of screening, the screener is becoming familiar with the variety of abstract records being
presented to them that are ranked as high relevance. As screening progresses, the relevant records are
less frequent, and records potentially may be more ambiguous or differ from the (now-familiar) earlier
records in other ways. It is hoped that future improvements in machine-learning tools for screening could
provide support to aid quality assurance of single-screening processes.

Figure 1. Rate of identification of relevant items through prioritised screening

350 -
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200 -
150 - #

100 - v

Number of relevant items found

50 -

0 T T T T T
i} 500 1000 1500 2000 2500 3000
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Benefits and challenges of semi-automating forward and backward
citation searching

MAG within EPPI-Reviewer was used as a rapid approach to undertake forward and backward citation
searching of the originally included studies in the evidence synthesis. This approach required matching
the included studies with their records in MAG (of which 108 were able to be matched), applying the
functions ‘cited by’ (for forward citation searching) and 'bibliography’ (for backward citation searching),
and importing the records to the review management database. The MAG database has since become
obsolete and has been replaced by OpenAlex. We estimate the time to match, search and import the
search results was around 65 minutes (based on replicating these processes in October 2023).

The original citation-searching searches yielded 3,614 records (2,164 from forward citations and
1,450 from backward citations, respectively). This is comparable to the 3,140 manually screened for
the entire review up to the point of these searches. Given that one benefit of citation searching is to
mitigate deficiencies from text-based searches in databases, it was unclear whether relying on prioritised
screening based on the screening decisions of the database searches would be sufficient. Such an
approach might introduce a 'more-of-the-same bias’, known as 'hasty generalisation’ (O'Mara-Eves et al.,
2015), whereby relevant records that use different terminology to those in included records would be
automatically de-prioritised. Therefore, two different machine-learning classifiers were applied on this
corpus of records. First, a classifier was trained on all the included studies and the excluded studies that
were excluded on intervention type, at the title and abstract screening stage. This criterion was broader
than the exclusions used for training prioritised screening as it did not train on exclusions for population
or study design. Second, the Cochrane RCT classifier within EPPI-Reviewer (which was trained on over
280,000 records of health RCTs; Marshall et al., 2018) was used to look for terms related to RCTs. For
both classifiers, a rule was applied whereby any record that was given a relevance score of >50 per
cent was manually screened on title and abstract. This threshold was an arbitrary value determined for
pragmatic purposes and, by doing so, 11 per cent (n = 412 out of 3,614) were manually screened to
yield 12 records included at title and abstract, of which two were included at full text. The two included
were identified from the first approach, using a classifier trained on included studies, and screening
359 records. Applying the second RCT classifier resulted in screening a further 53 records, which
yielded 1 record considered potentially relevant that was subsequently excluded on full text (this record
was just below the threshold for manual screening with the first classifier). The second classifier was
used as an additional pragmatic and exploratory process, to try to rapidly mitigate ‘more-of-the-same
bias’. The method of using a study-design classifier did not prove fruitful in this case, apart from
enabling an additional set of records to be selected for screening. It tentatively illustrates the need
for topic-differentiation, if it is to be used for efficient screening gains.

However, it should be noted that conventional use of this classifier would have required a much
lower screening threshold for their discovery (EPPI Centre, n.d.) and would have involved further manual
screening of 1,460 records, which were lower ranked on topic, according to the first classifier. Within
EPPI-Reviewer, two RCT classifiers are available, ‘Cochrane RCT’, and ‘original RCT’, which differ slightly
(owing to their machine classification methods). The "original RCT’ is considered more suitable for use
than the Cochrane RCT classifier where a user-determined cut-off threshold is applied (EPPI Centre, n.d.),
although it appears less sensitive in this case and would only have identified the one record that was
identified by the Cochrane RCT classifier at a lower threshold. Both these classifiers are trained on the
same health data, and their recall of RCTs in education overall is lower. We estimate, based on the
121 included records in the synthesis, that the Cochrane RCT classifier (which is calibrated to 99 per cent
recall) would have found 97 per cent (n = 117), while the original RCT classifier (using a threshold score
of above 10) would have found 87 per cent (n = 105). This indicates the need for topic-related training
data and further evaluations within the education domain.

Overall, the approach using MAG (now incorporated into OpenAlex) was successful. It identified
two additional studies and saved time for retrieving and managing results from forward and backward
citations for 121 records, as the process is largely automated. However, it relies on both the record being
present in MAG/OpenAlex and for sufficient data to exist within the citation record. In this case, the
approach retrieved a high volume of records, comparable with those collected for the database searches.

Citation searching within a traditional study identification process helps verify the utility of the
database search strategy. In this case, given that only two further studies were identified by this method,
it supports our confidence in the utility of the database searches. Studies have shown that citation
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searching results vary across citation databases (for example, Gusenbauer, 2024). The recent TARCIS
statement (Hirt et al., 2024) introduces recommendations on the conduct and reporting of citation
searching. It encourages consideration of using two citation indexes to achieve greater coverage of
available literature. However, it also acknowledges that citation searching on a large number of records
couldyield too many records to screen, and, in such cases, a selected sample of references could be used
as the starting point for citation searching (provided there is justification of the sampling method). In the
Sims et al. (2021, 2023) systematic review, citation searching was undertaken on all available references
in one resource, and sampling via machine learning was applied to the results of citation searching.
Although this method requires further verification, it could be a promising alternative approach.

Conclusions and recommendations

Issues to consider when identifying studies for RCTs in education

This study revealed various features which may be useful in enhancing study identification in education
systematic reviews. These are:

° Team processes:

o Knowing in advance that not all the records would be manually screened, so that the search
strategy is not entirely dependent on volume of results that can be manually screened.

o Drawing on previous work to identify more extensive terminology in an efficient way.

o Engaging with the team members involved in screening regarding how they were planning to
screen the records, particularly in terms of the explicitness of terminology for key screening
criteria in titles and abstracts (for example, the terminology of RCTs if records are being
screened based on description of RCT study design).

o Taking an iterative approach to develop the search strategy (which is conventional practice).

e Technical approaches:

o Using ERIC and manual searching and browsing of websites and repositories of education
research to identify the bulk of unique records, complemented by searches in other
databases. For this topic, PsycInfo was important to find both journal articles and doctoral
theses not found from the other searches (n = 7) and using the Australian Education
Index, British Education index, Econlit, Education Abstracts and citation searching increased
comprehensiveness. Unfortunately, at the time of publishing this article, we are aware of
planned changes to new content added to ERIC that will involve a significant reduction in
the journals that are indexed. Therefore, alternative resources will need to be searched to
counter this loss.

o Using a wide range of terms to identify RCTs, including terms relating to random,
grouping, and clustering, and, if possible, using broader terms to capture studies with
comparison designs.

o Careful screening is needed to judge that a study potentially uses an RCT design.

Using technology for more efficient, higher quality systematic reviews

This study highlights various benefits and challenges of implementing machine learning using
text-mining processes for screening and semi-automating citation searching:

e Semi-automated prioritised screening appeared to reduce time spent screening because only
56.8 per cent of the records (those that were most likely to be relevant) were manually screened.

e  Atthe start, it is unknown how many records will need to be manually screened, so searches should
still aim for a degree of precision. Conversely, the search results may be less bound to the level of
resources available to screen if there is an expectation that manual screening can stop early. We
expect that screening takes the bulk of the time spent on study identification, and if there is a
time-resource trade-off, then it seems sensible to reduce screening rather than curtail searches.

e Searching more databases and browsing websites may require additional time and thinking involved
in navigating each source, although it may not necessarily increase the screening workload, and it
is therefore recommended if possible.
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e However, citation searching on a large set of relevant references did increase the workload. Citation
searching using semi-automation appears to be an efficient approach to identify further studies, but
more investigation and guidance is needed on thresholds for using classifiers to narrow the pool for
manual screening.

e  Given the time-limited nature of the systematic review and increasing volume of research, using
technology to reduce workload is appealing, although a challenge is to maintain rigour of
implementation as methods of application are being developed.

e The decision to cease manual screening is a challenge because there are no clear standards or
guidance on stopping rules (Callaghan et al., 2024).

e Aswith all systematic reviews, there is autonomy by review teams to develop and implement search
strategies and screening protocols. The use of technology requires thought and guidance on
implementation.

e Prioritised screening may interact with human screener decisions by potentially predisposing the
reviewer to a particular include or exclude decision. This may have implications for single screening,
and it would benefit from further evaluation.

e We are not aware of an RCT machine classifier for education research. Such a classifier would need
to use sufficient training data from the education field to achieve high recall.

Final remarks

This study informs the methods of study identification for RCTs in education and reflects on the current
and potential benefits of machine learning to improve efficiency. Although the work focuses on one case
study, the quantity of RCTs and the use of additional analyses strengthens its findings for potential use
in other reviews, and it adds to the paucity of literature that exists. However, more studies are needed
within the education domain to strengthen methods of study identification.

This study uses the ERIC database as the primary database source, and the majority of literature
for the systematic review on which it focuses was retrievable from ERIC. However, the journal content
is expected to reduce significantly during April 2025. ERIC (n.d.), which is an acronym of Education
Resources Information Center, was established in the 1960s by the US Federal Department of Education
following a recommendation for an information service that encompasses all education research to
inform theory and practice. Until April 2025 it contained over 2 million records and was available
worldwide, both in open access form and through subscription database platforms. This context justifies
our approach to this study; however, the reduction in content illustrates that there is a need to examine
the overlap of other information resources in relation to the culled journals.

The scope for both human and machine error during screening, and determining suitable thresholds
for ceasing manual screening should be carefully balanced with the need to provide timely and rigorous
evidence to inform decision-making. We recommend improved tools and guidance to support the
appropriate use of prioritised screening and stopping thresholds, including further investigation into
methods of combining citation searching and prioritised screening. We add to the call for reporting and
indexing to label RCT research by authors and database providers in education, so that this can aid study
identification and improve machine learning and prioritisation.
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