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1 Introduction

Systematic literature reviews (SLRs) are fundamental for
aggregating published evidence, identifying knowledge gaps
and informing health economic evaluations, especially in
the field of novel diagnostics where randomised controlled
trials are commonly absent [1]. The global publishing output
within the field of novel diagnostics is increasing rapidly
owing to increasing efforts towards precision medicine.
Simultaneously, the global publishing output within the field
of health economics is increasing rapidly owing to increas-
ing efforts towards value-based healthcare and present
budget constraints. The number of publications focussing on
the health economic impact of diagnostics almost doubled
from 86,244 in 2010 to 152,404 in 2025 (PubMed search
using MeSH terms ‘Diagnostic Techniques and Procedures’
and ‘Health Care Economics and Organizations’). Conse-
quently, the workload of performing SLRs is increasing as
the number of articles that requires screening grows larger.
The average time to complete an SLR is over 15 months,
while the proportion of truly relevant articles for data extrac-
tion may be as low as 1% of the total search results [2].
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The high workload may reduce researchers’ willingness to
conduct an SLR or may lead to search strategies that are too
narrow when prioritising time constraints over review qual-
ity. Moreover, it may render an SLR outdated by the time it
is published.

2 Artificial Intelligence as a New Research
Ally

Artificial intelligence (AI) tools to support title and abstract
screening have been developed to reduce screening time.
A comprehensive list of released Al tools is continuously
updated at the Systematic Review Toolbox hosted by the
NIHR Innovation Observatory [3]. Over the past 10 years,
initial study results show that when Al is appropriately used
[4], it may provide substantial time savings by only requir-
ing manual screening of a relevant subset of papers [5—10].
Recent research also shows that such semi-autonomous
screening processes may be more reliable than fully autono-
mous screening [11]. Semi-autonomous screening requires
repeated input from reviewers to confirm the articles’ rel-
evance. Additionally, reviewers decide whether to stop
screening based on predefined stopping rules. Determining
the optimal point to stop screening can be challenging and
affects the screening process’ transparency and workload.
Simultaneously, guidance to using Al assistance in the
screening process is increasing [12]. Practical guidance
details how to prepare for Al-assisted screening including
search strategy, database selection and retrieval of records
[13], how to build an initial training set and to proceed
screening [13], and how to select stopping rules [14, 15].
However, adoption barriers exist due to a lack of trust
in software [16]. Studies that validate the use of Al tools
for SLRs in health economics are limited. To contribute to
validation efforts, this research letter describes the perfor-
mance of Al-assisted screening in a post-hoc analysis of our
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recently published SLR [17]. Based on our findings, next
steps towards implementation and acceptation of Al-assisted
SLRs in health economics are presented.

3 Post-Hoc Analysis with Open-Source
ASReview Software

For the original full manual screening, a sample of 2398
articles was identified from Scopus, PubMed, iHTA and
NHS-EED databases through systematic searches in
February 2023, resulting in 57 articles included for a full-
text review and ten articles included for data extraction [17].
For this post-hoc analysis, the following data were extracted
from each article: title, abstract, and inclusion for full text
screening and data extraction. The extracted information was
collected and used as inputs for Al-assisted screening with
open-source ASReview Software [18].

The number of relevant articles found through screening
with ASReview was compared to the number of relevant
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Fig. 1 Accuracy per iteration (grey lines) and as a median value for
all iterations (red line). In panels a and b, ASReview Software has to
start screening random articles to find relevant articles, thus no prior
knowledge. In panels ¢ and d, ASReview Software was informed
with one relevant and one irrelevant article, resulting in lower vari-
ation. Median accuracy levels are, however, similar. In panels a and
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articles found through a full manual screening and this
proportion was defined as screening accuracy. The perfor-
mance of ASReview was assessed through simulation with
Makita (an extension of the ASReview Software [18]). The
R Statistical Software codes used for data analysis and
visualisation are published, [19] and available at https://
zenodo.org/record/8217881. All simulation settings were
kept at default (Naive Bayes classifier, term frequency-
inverse document frequency feature extraction, double
balance strategy, maximum query strategy). Simulations
were iterated 1000 times alternating the order of title and
abstract screening. The position where each relevant arti-
cle was found during the iterative screening was extracted
and stored per iteration. Simulation results were extracted
and the accuracy per number of articles screened was cal-
culated for each iteration (Fig. 1).
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panel ¢, accuracy for articles originally included for full-text review is
depicted. In panels b and d, accuracy for articles originally included
for data extraction is depicted. Generally, articles included for data
extraction in the original full manual screening were found early in
the artificial intelligence-assisted screening process
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Fig.2 Overview of the opportunities and next steps before wide-
spread implementation of artificial intelligence (AI) tools for semi-
autonomous and fully autonomous title and abstract screening. Practi-
cal guidance, verification and validation checklists should be further
developed. Simultaneously, further validation efforts and head-to-
head comparisons of Al tools should be performed. Thereafter, Al-

4 Discussion and Conclusions

Artificial intelligence tools have been introduced with
varying levels of success in supporting title and abstract
screening [20], but the question remains: what evidence
is needed for wide use and acceptance? A traditional
SLR is time consuming, transparent and has a low
risk of biases. Awareness exists that Al tools allow for
extensive database searches with more generic search
terms, without increasing the workload for reviewers
[2]. However, Al tools are currently not considered
a valid reviewer option nor to update existing SLRs in
PRISMA or Cochrane statements [21, 22], which shows
that widespread acceptance and trust in Al tools require
more validation efforts. Validation may well be domain
specific [19], therefore, this post-hoc analysis contributes
to domain-specific validation of Al tools for SLRs in
health economics.

Future validation studies should compare the accuracy
and expected time savings of different Al tools to
demonstrate which tools may be preferred for SLRs in
health economics. Different Al tools available in the
literature can be compared using the same database search
results. Cross-validity testing can be used to show the
variability between outcomes of Al tools, with the extent
to which a tool’s predictions are accurate, transparent and
time saving being the most important aspects to evaluate.
Additionally, practical guidance is needed to support
(technical) documentation, including version control,
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guided screening might be used and allowed as a second or third
reviewer option, and to update existing reviews with minimal time
investments. The latter should be thoroughly validated. In parallel,
similar evaluation and validation efforts may be performed focusing
on Al-guided data extraction. SLRs systematic literature reviews

settings and stopping rules, to improve transparency and
reproducibility.

The potential of Al for screening is broad. Figure 2
lists opportunities and next steps before widespread
implementation. Given the current level of evidence, Al
tools will likely be used as a complement to full man-
ual screening as a second or third reviewer, or to update
existing SLRs with minimal time investments [10]. With
further acceptance, validation and guidance on good
reporting of use, Al may completely substitute manual
screening in the future.
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