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The rigorous synthesis of literature is one of the leading scientific developments of 10 

the last fifty years, revolutionising effectiveness in medicine and other fields by 11 

allowing us to draw insights from the collated global literature. 12 

 13 

The rapid development of Artificial Intelligence (AI) simultaneously presents one 14 

of the largest opportunities and biggest threats to the field of evidence synthesis. It 15 

promises more efficient and more comprehensive reviews at speeds commensurate 16 

with decision making processes. However, misleading and fake manuscripts are 17 

increasingly flooding the academic literature and generative AI will make these 18 

easier to produce and harder to detect. The first fully AI-generated paper, created 19 

by “The AI Scientist”, recently passed peer review for a workshop hosted at ICLR, a 20 

top international AI conference. The paper was entirely AI generated, formulating 21 

hypotheses, designing and running experiments, analysing results, generating 22 

figures and producing the manuscript1. Use of such technology will likely be 23 

attractive to bad actors whilst the numbers of papers and citations remain the 24 

rewarded goal of scientific activity, currently facilitated by paper mills and a 25 

variable peer review system, which itself is becoming infiltrated by AI-produced 26 

reviews2.  27 
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 28 

The production, and subsequent publication, of ever larger numbers of both 29 

legitimate and convincing-fictitious academic papers represents an existential 30 

crisis for evidence synthesis, for which it is currently woefully unprepared. Already 31 

systematic reviews to Cochrane standards demand significant resources, on 32 

average costing >$140,000 and taking over two years to complete 3. Therefore, it is 33 

important to assess whether traditional evidence synthesis processes, devised and 34 

built under previous technological restraints, are still fit for purpose. For example, 35 

a recent study demonstrated over half of systematic reviews reported search 36 

strings that were not repeatable4. Constrained thinking around improving current 37 

evidence synthesis and fraud detection techniques using AI, while not accounting 38 

for how the wider landscape of academic literature is changing, might leave us 39 

blinkered to the more transformative change required to secure the future of 40 

reliable and responsive evidence synthesis. 41 

Challenges facing evidence synthesis 42 

Currently, the gold standard for evidence synthesis is the systematic review. High 43 

quality systematic reviews are comprehensive (aiming to include almost all 44 

relevant evidence), rigorous (using the best available appropriate methods to 45 

reduce biases), transparent (enabling reproducibility) and objective (handling the 46 

review process fairly without interference from conflict of interest or cognitive 47 

biases). Concerningly, however, many systematic reviews already unwittingly cite 48 

retracted publications5. Moreover, after being notified of retractions 89% of 49 

systematic reviews remained uncorrected one year after notification6. 50 

 51 
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Rates of paper retractions are increasing, exacerbated by the rise of paper mills, 52 

and the slow responses of journals to confirm and retract papers flagged as 53 

illegitimate intensifies their impact on research6. However, the retraction of 54 

flagged papers at the source is only the first step in removing their influence. 55 

Relying on the continued engagement of the original authors, with limited 56 

resources and perhaps little incentive, can exacerbate the pollution of retracted 57 

science in the conclusions of evidence reviews. 58 

 59 

Near ubiquitous access to generative AI, particularly large language models 60 

(LLMs), adds rocket fuel to the fire. These are positioned to drastically accelerate 61 

the rate at which fraudulent manuscripts can be produced and can also generate 62 

convincing doctored ‘raw’ data7. One preprint estimates that, conservatively, 10% 63 

of all PubMed abstracts published in 2024 were written with LLMs, by observing an 64 

abrupt increase in the frequency of certain style words coinciding with widespread 65 

access to LLMs8. However, for now, it is difficult to separate malicious use from 66 

authors simply improving their writing9.  67 

 68 

Combined with the rapid expansion in the total number of papers available to 69 

review, and the number of fraudulent papers in the literature likely to increase, the 70 

effort required to comprehensively synthesise the relevant and legitimate available 71 

evidence will become considerably more difficult than in the past. Additionally, the 72 

increase in retracted papers is likely only the tip of the iceberg. A recent analysis 73 

suggests over 400,000 research papers with strong textual similarities to 74 

fraudulent studies from paper mills were published over the last decade, of which 75 

~70,000 were published in 2022 alone10. They estimate that ~2% of all scientific 76 

papers published in 2022, and 3% in biology and medicine papers, closely resemble 77 
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paper-mill works, and these numbers are only likely to increase over the coming 78 

years. 79 

What is the evidence synthesis community doing about it? 80 

Cutting the use of AI in the production of manuscripts at the source is unlikely to be 81 

an effective policy and publisher guidelines on ‘AI use’ in manuscripts varies. The 82 

approach of Nature, Science and many other journals is that the use of LLMs is 83 

allowed if declared, on the sensible basis that it improves access for authors whose 84 

first language is not English. This approach, while improving access, however 85 

muddies the waters when trying to identify harmful AI generated papers against a 86 

backdrop of ‘acceptable levels’ of AI use.  87 

 88 

In evidence synthesis, guidance on how to deal with retracted studies is still under 89 

debate5. However, the need for clarity is more pertinent now than ever. The 90 

Campbell collaboration and Cochrane reviews provide guidance on how to identify 91 

studies with expressions of concern, or those having been retracted to avoid their 92 

inclusion in reviews11. These include checking studies against Retraction Watch 93 

(https://retractionwatch.com/); using the new functionality of CENTRAL 94 

(Cochrane’s database of clinical trials), which flags retracted studies; and updated 95 

search protocols to identify retraction notices12.  96 

 97 

The majority of the guidance around retracted and suspicious papers focuses on 98 

the searching and sorting end of the evidence synthesis pipeline, and less on how 99 

systematic reviews should be handled in light of new evidence that may undermine 100 

their literature base. Current Cochrane guidance states authors of published 101 

reviews containing retracted studies should recalculate all results and flag the 102 

https://retractionwatch.com/
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review with an editorial note while this is undertaken, or withdraw and republish 103 

the review13.  104 

 105 

Placing the onus on the authors of reviews to continually identify retracted and 106 

suspicious studies and reanalyse data of affected syntheses is unlikely to be a long-107 

term or pragmatic solution to the arising issue of fraudulent manuscript 108 

production. Proving the absence of fraudulent papers from reviews, AI generated 109 

or otherwise, is synonymous to definitively proving the local extinction of a 110 

species. To do so with 100% certainty is mathematically impossible14, undoubtedly, 111 

some papers will slip through the net. We need to develop a system that is robust to 112 

the rapid removal of poisoned papers that feature in evidence synthesis. 113 

What is the antidote? 114 

For evidence synthesis to counter the near exponential rise in publications and the 115 

predicted increase in both paper retractions and fraudulent papers, requires a 116 

system that allows for both scale and dynamism in respect to incorporating new 117 

evidence, removing retracted studies and reanalysing data accordingly. The ever-118 

increasing production of both legitimate and spurious scientific literature will 119 

likely outstrip human capabilities to cope with the task of maintaining an accurate 120 

picture of ‘the science’. We believe a network approach is required, powered by a 121 

combination of AI enabled subject-wide evidence synthesis (SWES)15 with 122 

humans-in-the-loop and a geographically and institutionally decentralised 123 

network of living evidence databases (LEDs). This will improve the robustness of 124 

evidence synthesis and hasten the removal of poisoned papers. 125 
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SWES is an evidence synthesis technique developed from 2004 as part of the 126 

Conservation Evidence project (www.conservationevidence.com) that aims to 127 

identify all literature containing information potentially relevant to a broad theme 128 

(i.e. effectiveness of management actions for biodiversity conservation). SWES 129 

eliminates the need for search terms and instead performs a single sweep across all 130 

literature that presents evidence for a certain theme, rather than requiring 131 

separate reviews that would need to requery the literature every time for each 132 

research question. Each paper is assessed, the outcomes extracted along with other 133 

relevant metadata and indexed appropriately. This eliminates the requirement for 134 

papers to be reassessed for most evidence synthesis purposes. Instead, researchers 135 

create a ‘living evidence database’ (LED) of outcomes, which can be pulled out to 136 

answer more specific questions for which that outcome, and its context, is 137 

relevant. This dynamic LED approach to evidence synthesis is showcased in 138 

Metadataset (www.metadataset.com), a tool developed by Conservation Evidence16.  139 

Networks of LEDs could automatically store information such as the literature 140 

searched, screened, appraised, data extracted, the associated analyses, study 141 

context and summaries for future use. These LEDs would dynamically cache new 142 

studies and associated metadata from a plurality of sources available through their 143 

institution or geography. High-quality systematic reviews, and rapid reviews can 144 

then be undertaken from verified evidence accumulated across these databases, 145 

with humans-in-the-loop if desired, enabling economies of scale and near real-146 

time updating. Users, as well as automatic mechanisms, can flag gaps, retracted 147 

papers and errors. The ability to version-control databases, and any resulting 148 

evidence review, enhances repeatability. Each review could be associated with a 149 

unique identifier, related to the exact databases at the time of searching, so that 150 

http://www.conservationevidence.com/
http://www.metadataset.com/
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the search process can be repeated exactly to check the accuracy, the consequences 151 

of subsequent removal of papers and the outcome if a different search had been 152 

adopted. Reviews can also be brought up to date either automatically, or with 153 

humans-in-the-loop, when LEDs contain new, relevant evidence (Figure 1). The 154 

ability for data to be shared and mirrored across LEDs on the network, protects 155 

access to scientific data from institutional or political decisions, or technical 156 

issues, within certain institutions or geographies that may otherwise prevent 157 

access.  158 

Individual systematic reviews may become faster and more efficient with AI, 159 

whether through improving search terms, screening literature for inclusion, or 160 

extracting data. However, they will always be constrained by the limitations of 161 

being individual reviews, based on narrow questions, written and maintained by 162 

small groups of authors. Creating LEDs allows the retraction status, study 163 

evaluation, outcomes and data extracted from a piece of literature to be tracked 164 

throughout the process, allowing confidence levels at each stage to be propagated 165 

as well as tracking its dependencies. For example, a human-in-the-loop 166 

evaluation might override an AI-made decision at the inclusion or data extraction 167 

stage, which can trigger reassessment in later stages automatically. The resultant 168 

LEDs can then be used for evidence reviews, with the database dynamically 169 

corrected both for inevitable errors and retractions. 170 
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 171 

Figure 1. Illustrates how literature may be gathered, collated and synthesised through a network 172 

of living evidence databases (LEDs). 1) Represents the global literature base, with fraudulent 173 

papers marked with skulls. 2) AI-assisted gathering and screening of evidence, occurring 174 

simultaneously across institutions and geographies. Selected studies interface with automatic and 175 

manual processes for flagging fraudulent papers. 3) Literature, relevant extracted data and 176 

metadata is stored both locally and communicated dynamically to other databases in the network 177 

4) When undertaking an evidence review, relevant evidence is pulled from the network, with 178 

fraudulent studies excluded from analysis. The review remains connected to the network so 179 

studies can be added or removed in near real-time.    180 
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AI can empower this approach in numerous ways, and SWES allows it to scale 181 

effectively. AI can help to find logical deficiencies in inclusion criteria, assess 182 

whether papers meet inclusion criteria and expedite the translation of key data and 183 

metadata from papers into tables which can be used to populate the LEDs. AI can 184 

automatically monitor the literature for new relevant studies, remove retracted 185 

papers, and assess papers against benchmarks, which signify the likelihood of 186 

them being generated by AI. While multilingual LLMs mean that we can also assess 187 

and screen papers in multiple languages, which are often missed in systematic 188 

reviews17. 189 

It is important to highlight that one of the key barriers to the future of effective 190 

evidence synthesis is access to full-text studies, which varies by institution and 191 

geography. For evidence synthesis to remain a viable field, a fundamental shift in 192 

access is required. Publishers and data-holders need to be incentivised to share 193 

their data more widely, and implement protocols that allow for frictionless sharing 194 

to a trusted and neutral third party, as openness is a key tenet of the scientific 195 

process to allow replication of results. The impacts of not doing so are clearer now 196 

than ever, with the US executive removing access to valuable Centre for Disease 197 

Control and National Institute of Health databases. Relying on the actions of 198 

individuals to archive this data is not a sustainable or responsible course of action.  199 

The construction of this network superstructure of transparent, traceable and 200 

dynamic LEDs supporting global evidence synthesis efforts will help to protect 201 

evidence synthesis from wider perturbations in the global literature. It can be used 202 

as an oracle of the current state of published scientific knowledge, identifying 203 

fraudulent papers, evidence gaps and how contributions to the network shift our 204 
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scientific understanding. Failing to build resilient evidence infrastructure will 205 

eventually doom the viability and credibility of global evidence synthesis efforts. 206 
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