Leveraging artificial intelligence for evidence synthesis

ell-conducted evidence syntheses are the cor-

nerstone of evidence-based health care deci-
sions." Whether systematic reviews, scoping reviews,
or qualitative evidence syntheses, these approaches are
designed to provide decision-makers with the best
available evidence through systematic, rigorous, and
transparent methods.”> Over recent decades, the scien-
tific community has advanced methods for every step
of the evidence synthesis process to increase trustwor-
thiness and rigor. Yet these gains have also increased the
workload: evidence syntheses are resource-intensive
and can take a year or longer to complete.® For those
making health care decisions — in clinical practice or at
organizational and policy levels — this is often too long.

Developments in artificial intelligence (Al; specifi-
cally large language models [LLMs]) offer hope that
we can increase efficiency without sacrificing rigor.
Using Al for evidence synthesis is not new; machine
learning was incorporated into systematic review
software before the introduction of LLMs.* However,
LLMs open up new possibilities: they do not require
large task-specific training datasets, nor do they re-
quire review authors to have programming skills,
which makes them very attractive to use for a wide
audience of evidence synthesists.

Since the introduction of LLMs to the public in
2023, the way we conduct systematic reviews has
already changed, though not to the extent some pre-
dicted. Full automation is not yet possible and, accord-
ing to experts, should not be the aim. Human oversight
is essential to guarantee rigor and trustworthiness.’*
This is especially relevant for 2 reasons. First, LLMs
are not designed to conduct comprehensive evidence
syntheses. Their primary objective is to predict and
generate text,'’ rather than systematically identify,
critically appraise, and synthesize all relevant evidence.
Consequently, they may draw on information from
sources of varying quality, fail to retrieve important
studies, lack access to subscription-only content, or
provide limited transparency regarding how conclu-
sions were reached.” Second, the results of evidence
synthesis ultimately affect people’s lives. It is our
responsibility to make methodological decisions care-
fully, weighing speed against rigor and considering
potential biases and downstream consequences.

While discussions of Al in evidence synthesis often
focus on efficiency gains, the more important question
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is whether Al can support trustworthy evidence syn-
thesis.” Evidence syntheses are not merely exercises
in information retrieval, they are scientific endeavors
that depend on transparency, reproducibility, meth-
odological rigor, and accountability.” Any assessment
of Al-enabled approaches should, therefore, consider
not only speed and resource savings, but also their
impact on the trustworthiness of review findings and
the confidence decision-makers can place in them.

Keeping our responsibility in mind, it is encouraging
to see the enthusiasm and willingness of the evidence
synthesis community to use Al responsibly and, there-
fore, to evaluate its applications. A living evidence map
of Al use in evidence synthesis included more than
1000 studies by May 2026,° reflecting how quickly
this research is evolving. Yet the evidence base is
highly fragmented, with studies using different Al
technologies, models, and versions applied at dif-
ferent review steps, often with small sample sizes.

There is an urgent need for greater collaboration
and concerted methods research on Al in evidence
synthesis. We also need prospective evaluations under
real-world conditions to learn about actual efficiency
gains and practical challenges, such as data extraction
failing for qualitative data.® One promising avenue is
the Study Within A Review (SWAR), which evaluates
new methods alongside conventional review conduct.’
When the same protocol is applied across multiple
reviews and teams, generalizability improves. Collab-
oration with Al tool developers is equally important to
ensure tools meet the demands of rigorous evidence
synthesis — the Cochrane Al study is a good example
of how to do this."

Importantly, not all review tasks are equally ame-
nable to Al support. Al has demonstrated promise for
procedural tasks such as citation screening, deduplica-
tion, and structured data extraction.* However, many
aspects of evidence synthesis require higher-order
interpretive judgment, including synthesizing qualita-
tive findings and translating evidence into actionable
recommendations.”’ These activities depend on con-
textual understanding, methodological expertise, and
transparent reasoning. Determining how Al can best
support such interpretive processes while preserving
scientific rigor represents one of the most important
methodological challenges facing our field.

When applying and testing Al, some types of evi-
dence synthesis might be better testing grounds than
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others. In rapid evidence syntheses, for example, com-
missioners accept higher uncertainty in exchange for
faster results,'? so the additional uncertainty introduced
by using Al may be more tolerable. In rapid evidence
syntheses, Al could even improve methodological
quality by mitigating risks associated with abbreviated
methods, such as single-reviewer workflows.'*

Evidence syntheses demand high accuracy and
transparency because their results directly affect peo-
ple’s health and lives. This makes them a particularly
demanding use case for Al as providing transparency
is especially difficult for LLMs. Explainable Al will,
therefore, play a major role in the future and warrants
continued attention from computer scientists and tool
developers.'*

While many methods studies evaluate Al tools on
single tasks of the evidence synthesis process, we may
need to rethink the evidence synthesis process altogeth-
er. Applying innovative tools to outdated processes is
rarely efficient. The future will likely involve agentic
Al, meaning multiple agents performing distinct
tasks and working together. Moving forward, human
involvement can go beyond mere oversight. Al and
human scientists can truly collaborate to navigate
complex workflows, leveraging the strengths of both.
In these mixed-initiative systems, agents can reach out
to humans for clarification and guidance. Evaluation
studies of such approaches and mechanisms to ensure
provenance and transparency will be essential.

Al holds considerable potential to transform not
only how evidence syntheses are conducted, but also
how evidence is translated and delivered to decision-
makers. Future applications may extend beyond review
production to support evidence surveillance, living evi-
dence systems, the development of recommendations,
and the translation of evidence to practice. Realizing
this potential will require robust evaluation, transparent
reporting, clear provenance of Al-generated outputs
and continued human oversight. Ultimately, the suc-
cess of Al in evidence synthesis will not be judged by
how much faster reviews can be produced, but by
whether these technologies help us generate, translate
and apply trustworthy evidence while maintaining
the standards upon which evidence-based health care
depends.
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