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Editorial 

A new dawn for evidence synthesis: Embracing machine learning technology to generate living 
evidence maps 

Citation counts in MEDLINE have risen from 579,041in 2004 to 
981,270 in 2022 [1]. A 2021 publication estimates that there is an 
average worldwide growth rate of 4 % [2]. While the number of pub
lications has increased across all fields of science, health has had the 
largest exponential growth as health professionals and researchers seek 
to generate and apply new knowledge [3]. There was an unprecedented 
surge in publications during the COVID-19 pandemic. Across both Royal 
Society of Public Health journals, Public Health and Public Health in 
Practice, there was a doubling of submissions between 2019 and 2020. 
Elsevier estimated submissions increased by around 92 % for their 
journals between February and May 2020 when compared to the pre
vious period in 2019 [4]. 

With the rising number of scientific publications over the past de
cades, systematic reviews have been on the rise [5]. By synthesising 
large volumes of studies and literature, systematic reviews (SRs) are 
held as the gold standard and appear at the top of the hierarchy of ev
idence for clinical guidance and health care policy. The Cochrane 
Collaboration has augmented their dominance. However, there have 
been numerous critiques; on average it takes over a year to undertake 
and publish a review [6] and with large volumes of literature being 
published constantly, SRs can go out of date quickly [7]. 

Although the COVID-19 pandemic came with great challenges, it 
created opportunities to innovate. In the UK in February 2020 the Na
tional Institute for Health Research funded a collaboration between the 
EPPI Centre at University College London, the Centre for Reviews and 
Dissemination at the University of York, and the Public Health, Envi
ronments and Society at the London School of Hygiene and Tropical 
Medicine to produce an evidence map using a semi-automation, ma
chine learning approach to map emerging COVID-19 evidence [8]. 
These timely living evidence maps enabled efficient identification of 
emerging evidence to improve prevention, diagnosis, treatment, and 
management of COVID-19. 

Machine learning software has been in development for about 10 
years, but recent developments have brought it to the fore. Opportu
nities include deduplication, automatic clustering of studies, priority 
screening and semi-automated data extraction. With the rise of tech
nology and artificial intelligence changing all parts of society, re
searchers should embrace opportunities to innovate literature review 
methodology, and reimagine the future of evidence synthesis [9]. 

Evidence maps are a new variant on traditional reviews [10] and 
defined as a systematic synthesis which visually display relevant evi
dence to a research question. The scope of the map is generally broader 
than traditional SRs because machine learning technology is particularly 
good at dealing with topics with fuzzy boundaries [11]. For example, for 

complex topics such as what works to address health inequalities the 
technology can be trained to adeptly identify relevant articles. The 
Finding Accessible Inequalities Research in Public Health (FAIR) project 
used the technology to find, organise and describe public health in
terventions through an inequality lens [12]. These maps increase the 
visibility of findings and can gather large amounts of evidence, such as 
systematic reviews and primary studies to provide a more strategic 
approach to identify any gaps in the evidence. An example of this 
adoption is seen by UNICEF, who are using these tools across 
policy-relevant research topics facing children to create accessible evi
dence for decision makers [13]. 

There are significant benefits to be had, but also limitations of semi- 
automated tools. The technology is unlikely to be able to identify all 
relevant studies with some being missed, and the machine learning al
gorithm may perpetuate publication bias by learning to identify studies 
with positive conclusions, ignoring those with opposing results. Re
searchers must ensure the algorithm does not introduce evidence se
lection bias into the review and ensure all relevant studies are included. 
We need to develop experience with these tools so we can maximise 
their benefits and mitigate their limitations; acknowledging that there 
will always need to be intellectual input. 

Machine learning assisted literature reviews offer numerous benefits 
and we believe this is the future of evidence synthesis. As researchers 
continue addressing complex issues such as health inequalities, these 
difficult problems will require modern solutions. Now is the time to get 
ahead of the curve as technology develops. 

References 

[1] MEDLINE, MEDLINE Citation Counts by Year of Publication (As of January 2023) 
*, U.S. National Library of Medicine, 2023. https://www.nlm.nih.gov/bsd/m 
edline_cit_counts_yr_pub.html. (Accessed 24 September 2023). 

[2] L. Bornmann, R. Haunschild, R. Mutz, Growth rates of modern science: a latent 
piecewise growth curve approach to model publication numbers from established 
and new literature databases, Humanities and Social Sciences Communications 8 
(1) (2021), https://doi.org/10.1057/s41599-021-00903-w. 

[3] S. Garba, Proliferations of scientific medical journals: a burden or a blessing, Oman 
Med. J. (2010), https://doi.org/10.5001/omj.2010.100 [Preprint]. 

[4] H. Else, How a Torrent of Covid Science Changed Research Publishing - in Seven 
Charts, Nature News, 2020. https://www.nature. 
com/articles/d41586-020-03564-y#ref-CR1. (Accessed 24 September 2023). 

[5] K.G. Shojania, Taking advantage of the explosion of systematic reviews: an Effi
cient Medline Search strategy, Effective clinical practice : ECP. https://pubmed. 
ncbi.nlm.nih.gov/11525102/, 2001. (Accessed 24 September 2023). 

[6] R. Ganann, D. Ciliska, H. Thomas, Expediting systematic reviews: methods and 
implications of rapid reviews, Implement. Sci. 5 (1) (2010), https://doi.org/ 
10.1186/1748-5908-5-56. 

Contents lists available at ScienceDirect 

Public Health in Practice 

journal homepage: www.sciencedirect.com/journal/public-health-in-practice 

https://doi.org/10.1016/j.puhip.2023.100434    

https://www.nlm.nih.gov/bsd/medline_cit_counts_yr_pub.html
https://www.nlm.nih.gov/bsd/medline_cit_counts_yr_pub.html
https://doi.org/10.1057/s41599-021-00903-w
https://doi.org/10.5001/omj.2010.100
https://www.nature.com/articles/d41586-020-03564-y#ref-CR1
https://www.nature.com/articles/d41586-020-03564-y#ref-CR1
https://pubmed.ncbi.nlm.nih.gov/11525102/
https://pubmed.ncbi.nlm.nih.gov/11525102/
https://doi.org/10.1186/1748-5908-5-56
https://doi.org/10.1186/1748-5908-5-56
www.sciencedirect.com/science/journal/26665352
https://www.sciencedirect.com/journal/public-health-in-practice
https://doi.org/10.1016/j.puhip.2023.100434
https://doi.org/10.1016/j.puhip.2023.100434
https://doi.org/10.1016/j.puhip.2023.100434
http://crossmark.crossref.org/dialog/?doi=10.1016/j.puhip.2023.100434&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


Public Health in Practice 6 (2023) 100434

2

[7] D. Pieper, et al., Up-to-dateness of reviews is often neglected in overviews: a sys
tematic review, J. Clin. Epidemiol. 67 (12) (2014) 1302–1308, https://doi.org/ 
10.1016/j.jclinepi.2014.08.008. 

[8] I. Shemilt, et al., Using automation to produce a “living map” of the COVID-19 
research literature, Journal of EAHIL 17 (2) (2021) 11–15, https://doi.org/ 
10.32384/jeahil17469. 

[9] J. Thomas, J. McNaught, S. Ananiadou, Applications of text mining within sys
tematic reviews, Res. Synth. Methods 2 (1) (2011) 1–14, https://doi.org/10.1002/ 
jrsm.27. 

[10] I.M. Miake-Lye, et al., What is an evidence map? A systematic review of published 
evidence maps and their definitions, methods, and products, Syst. Rev. 5 (1) 
(2016), https://doi.org/10.1186/s13643-016-0204-x. 

[11] H. White, et al., Guidance for producing a Campbell evidence and gap map, 
Campbell Systematic Reviews 16 (4) (2020), https://doi.org/10.1002/cl2.1125. 

[12] EPPI-Reviewer, The fair database (no date), https://eppi.ioe.ac.uk/EPPI-Vis/Fair. 
(Accessed 24 September 2023). 

[13] UNICEF, Evidence gap maps, UNICEF. https://www.unicef-irc.org/evidence 
-gap-maps, 2023. (Accessed 24 September 2023). 

Ofelia Torres* 

Wolfson Institute, Queen Mary University London, London, UK 

Helen Pearce 
Department of Public Health and Primary Care, University of Cambridge, 

Cambridge, UK 

John Ford 
Wolfson Institute, Queen Mary University London, London, UK 

* Corresponding author. 
E-mail address: o.torres@qmul.ac.uk (O. Torres). 

Editorial                                                                                                                                                                                                                                           

https://doi.org/10.1016/j.jclinepi.2014.08.008
https://doi.org/10.1016/j.jclinepi.2014.08.008
https://doi.org/10.32384/jeahil17469
https://doi.org/10.32384/jeahil17469
https://doi.org/10.1002/jrsm.27
https://doi.org/10.1002/jrsm.27
https://doi.org/10.1186/s13643-016-0204-x
https://doi.org/10.1002/cl2.1125
https://eppi.ioe.ac.uk/EPPI-Vis/Fair
https://www.unicef-irc.org/evidence-gap-maps
https://www.unicef-irc.org/evidence-gap-maps
mailto:o.torres@qmul.ac.uk

	A new dawn for evidence synthesis: Embracing machine learning technology to generate living evidence maps
	References


