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Peer review in medicine is under increasing
pressure. Submission volumes continue to rise,
while reviewers and editors face increasing work-
load, delays, inconsistency, and well-described
risks of bias [1, 2]. Used well, large language
models (LLMs) could help pre-structure reviews,
summarize manuscripts, flag reporting omissions
or internal inconsistencies, and support more sys-
tematic methodological scrutiny, allowing human
reviewers to focus on novelty, clinical relevance,
and judgment [3]. Major medical journals are
already discussing or piloting such hybrid models:
JAMA has explicitly outlined a human- in-the-loop
vision for artificial intelligence (AI)-assisted edito-
rial assessment [4], and NEJM AI has described
“Human+AI” review workflows as part of acceler-
ated evaluation processes [5]. Recent work also
suggests that carefully designed LLM feedback
can improve the specificity and actionability of
peer review at scale [6]. Transplantation is an es-
pecially important domain in which to study this
question. Peer review in transplantation often
requires simultaneous appraisal of immunology,
histopathology, organ disease, donor and recip-
ient characteristics, etc. At the same time, the
field is evolving rapidly. Al is already being used
across transplantation for organ allocation [7, 8],
rejection monitoring [9] and outcome prediction
[10], while xenotransplantation is moving from
experimental promise toward early clinical real-
ity [11]. Al-assisted review could be thus partic-
ularly valuable, as a structured reader capable of
improving consistency and surfacing methodolog-
ical issues that deserve closer human attention.
Against this background, the study by Shen and

colleagues is timely [12]. The authors address an
important and underexplored use case: whether
LLMs can support peer review in transplantation
research, and whether they exhibit affiliation bias
when evaluating manuscripts. Their decision to
test multiple open-weight models and prompting
strategies, and to examine fairness alongside ac-
curacy, is a genuine strength. In particular, the
focus on affiliation bias is valuable, because one
of the most appealing arguments for Al-assisted
review is the possibility of reducing at least some
forms of human bias. Encouragingly, no clear af-
filiation effect was observed. Their overall conclu-
sion is appropriately cautious: the open-weight
models they studied are not accurate enough to
replace human reviewers, and any use in peer
review still requires close human oversight. At
the same time, the study should probably be inter-
preted as an early benchmarking exercise rather
than as a decisive test of Al-assisted peer review
in transplantation. A major limitation, openly
acknowledged by the authors, is the choice of
ground truth: the benchmark target was journal
quartile rather than editor-rated review quality or
manuscript-specific editorial usefulness. This is
a pragmatic choice, and the authors explain why
they adopted it, but journal quartile is at the very
best an indirect proxy for the quality judgments
that matter in real editorial workflows. A more
rigorous benchmark would compare Al-generated
reviews against structured scoring by experienced
editors or domain experts. A further concern is
that the evaluation framework raises questions
about generalizability. The optimal prompt- tem-
perature configuration was selected in a pilot
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phase using Llama 3.3 on a subset of papers and
then applied across all models. That design is
understandable from a practical standpoint, but
it assumes that hyperparameters identified on
one architecture transfer meaningfully to others,
which is far from established. More broadly, given
the pace of model development, any benchmark
of open- weight LLMs now has a short half-life.
Shen and colleagues tested several models likely
influential at the time, but the field is evolving
so quickly that periodic re-benchmarking against
newer frontier open-weight systems is likely to
be necessary if such studies are to inform edito-
rial practice. Finally, the apparent advantage of
retrieval-augmented generation (RAG) deserves
careful interpretation. In the study, RAG was the
only setup able to ingest full papers, whereas
the other prompting methods were limited to ab-
stracts because of token constraints. That makes
the comparison realistic in one sense, but not fully
symmetric in another. The better performance
of RAG may therefore reflect both the value of
retrieval and the simple fact that it had access to
much richer input. Relatedly, because retrieval
accuracy is foundational to the validity of a RAG-
based review pipeline, more implementation de-
tail would have been helpful, particularly regard-
ing how the system ensured that the retrieved
document corresponded to the target paper be-
ing evaluated. Several broader issues also de-
serve mention. LLMs are too often benchmarked
against other LLMs rather than against human
reviewers, who are themselves far from unbiased;
head-to-head comparisons should be the stan-
dard. It is also useful to distinguish three roles
LLMs may play in peer review: literature search,
editing assistance, and access to specialized do-
main knowledge. Key risks include over-reliance
for nuanced judgments, bias inherited from non-
comprehensive training data, though recent fron-
tier models show markedly lower hallucination
rates in scientific contexts. In specialized settings,
a circularity whereby models trained on prior
peer-reviewed literature may reinforce its domi-
nant assumptions. The next generation of studies
should therefore move closer to the editorial end-
point that matters most: decision support. What
is now needed are prospective evaluations Journal
of Medical Artificial Intelligence, 2026 in which

journal editors receive Al-generated reviews, or
Al-augmented reviewer reports, and then score
them for usefulness, correctness, specificity, fair-
ness, and impact on editorial confidence and time
to decision. Such work should compare multiple
deployment modes: Al as a pre-review triage tool,
Al as a structured methodological checker, Al as
a meta-review assistant synthesizing human re-
ports, and Al as a parallel reviewer whose report
is visible to editors but not determinative. The
central question is whether it helps editors make
better and faster decisions. Building on such evi-
dence, journal editors may then be in a position to
propose practical guidelines for integrating LLMs
into the peer-review process.
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