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Description

Ask a large language model a scientific question, and it may answer confidently, and often correctly.
But an answer can accurate and still mislead a reader if the evidence underlying it has changed since
the model's knowledge was established. Hallucinated citations, fabricated data, and reliance on
retracted papers are serious failures because the resulting output may contain false or unsupported
claims. Here, we talk about a failure that is harder to detect: The Al stated something true, for a version
of the science that no longer holds true.

For researchers, this distinction is particularly important when using an LLM to explore emerging fields,
where evidence may be incomplete and scientific debate may not yet be settled. . Responsible Al use
has to include a working understanding of when a confident answer is trustworthy and when it is simply
well-rehearsed.

Three Failure Modes

It helps to separate three distinct ways an Al-generated scientific claim can fail, because they call for
different kinds of scrutiny and different kinds of fixes.

The first is being wrong: Fabricated citations, misattributed findings, or reliance on work that has since
been retracted or discredited. This is the failure mode most existing responsible-Al guidance already
targets. It's the most visible in any single instance.

The second is being stale: A claim that was accurate, well-supported, and represented genuine
consensus at the time the underlying text was written, but which has since been superseded by newer
evidence. The original claim may have been reasonable based on the evidence available at the time,
but subsequent evidence may have changed how that claim should be interpreted.

The third is expressing unwarranted confidence about a contested question: A question where the
field itself has not reached consensus, but the model answers as though it has. Here the failure is that
the model’s fluent, single-answer tone erases the genuine uncertainty a researcher would need to see.

The Mechanics

Page 1
Copyright: Enago Academy under the CC-BY-NC-SA 4.0 license



s:enagoacademy
Lo Shre. S, Pl academy@enago.com

Understanding why this happens requires a brief look at how these models actually generate an
answer. A model's knowledge isn’t a live connection to the scientific literature, it could be frozen at the
point training data was collected, sometimes many months before the model is released to the public.
Dated Data: Tracing Knowledge Cutoffs in Large Language Models examines why an LLM'’s effective
knowledge cutoff may differ from its reported cutoff. Then retraining more often would solve the
problem. However, scientific consensus gets repeated constantly: in textbooks, review articles, patient-
facing summaries, science journalism, and casual online discussion. A finding that overturns that
consensus typically exists, at first, in a handful of primary papers or preprints which is orders of
magnitude less text than the view it's beginning to challenge. Language models learn statistical patterns
from the volume and repetition of text, not from an assessment of which claim is currently best-
supported.

One possible consequence is that a model may reproduce a well-established view more readily than a
newer finding that is represented less extensively in its training data. . This is a frequency bias, distinct
from a simple cutoff-date problem because even a model retrained yesterday will tend to favor the
heavily repeated consensus over the thinly represented finding that's beginning to unseat it.

The most commonly proposed fix, retrieval-augmented systems (RAG), models that search the live
web, curated databases, institutional repositories, and proprietary knowledge bases, before answering.
RAG can substantially reduce dependence on a model’s static knowledge, but retrieval does not by
itself guarantee that the evidence selected is current, representative, or authoritative. They can inherit
biases from retrieval corpus, ranking system, indexing strategy, and source-selection process. For
example, a retrieval system may surface an older, highly indexed source alongside or potentially ahead
of, a newer specialty-society recommendation. Retrieval alone does not establish which source
represents the strongest or most current evidence..

Model confidence reflects statistical likelihood, not the strength of supporting evidence. It is a property
of language generation and it compounds the above problem. A model produces equally assertive,
equally fluent prose whether the underlying claim has decades of converging evidence behind it or a
single small study. Readers reasonably read tone as a signal of reliability. This actively undermines
evidence quality, because tone here carries no epistemic information at all.

Not All Evidence is Equal

Researchers already have formal language for this problem, because it predates Al by decades:
evidence hierarchies. A systematic review or meta-analysis sits above a single randomized controlled
trial, which sits above a cohort study, which sits above a case report or expert opinion. Frameworks
like GRADE (Grading of Recommendations Assessment, Development and Evaluation) exist
specifically to make the certainty behind a recommendation explicit and gradeable, rather than leaving
“how sure are we” as an unspoken assumption.

A language model does not inherently apply a framework such as GRADE when generating an
answer. It doesn’t distinguish a claim repeated because it's been replicated across dozens of well-
powered studies from a claim repeated because it was widely reported once and then endlessly
summarized. The frequency with which a claim appears in training or retrieval data is not equivalent to
the strength or certainty of the evidence supporting that claim.
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https://arxiv.org/abs/2403.12958
https://www.nature.com/articles/s41586-026-10549-w?
https://arxiv.org/abs/2505.21011
https://pmc.ncbi.nlm.nih.gov/articles/PMC12935541/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12935541/
https://www.gradeworkinggroup.org/
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For years, hormone replacement therapy was widely used and recommended for the management of
menopausal symptoms, based on generally positive observational evidence. The 2002 Women'’s
Health Initiative randomized controlled trial reversed that guidance sharply after finding increased risks
of breast cancer and cardiovascular events, and the recommendations have continued to be refined
since, as later analyses identified that risk varies significantly by age at initiation and time since
menopause. The example illustrates how clinical guidance can change as evidence improves:, better-
designed evidence simply arrived, and the consensus moved with it.

The “ego depletion” hypothesis proposed that self-control depends on a limited resource that can
become depleted through exertion. The hypothesis was supported by a substantial body of research,
but concerns about publication bias, replication, and effect size subsequently challenged the strength
of that evidence base.. A large-scale, pre-registered multi-lab replication published in 2016 found the
effect was far weaker than the literature suggested, and possibly negligible. Again, no misconduct, no
retraction. Better-powered evidence simply overtook an earlier, thinly tested consensus.

A model trained mid-cycle on either of these bodies of literature would have stated the then-current
guidance with complete, fluent confidence, and nothing in its phrasing would have hinted that the
ground was about to move. The pattern holding across a clinical trial and a psychology replication
shows this is a structural feature of how consensus evolves, set against how these models learn.

A Short Framework for Responsible Use

This argues for using LLMs the way a careful researcher treats any single source input — by weighing it
against its provenance. Ask the model to date its own claims and flag where a topic is contested rather
than settled, the answer is often revealing about how it’s representing its own uncertainty, or its
complete lack of one.

Treat Al-generated synthesis as a starting map of a topic, not a substitute for a current literature
search. This is a useful way to get oriented quickly, not a replacement for a manual search.

Cross-check against sources built specifically to stay current, such as Cochrane’s living systematic
reviews, which are explicitly designed to be updated as new evidence emerges, or field-specific
guideline bodies that revise on a known cycle.

This is not a large departure from how researchers vet a source. It's the same discipline, applied to a
new kind of source that doesn’t announce its own limitations. There’s a reason this problem has a
familiar shape to anyone who works in scholarly publishing. Peer review, alongside other mechanisms
of scholarly scrutiny and correction, helps scientific communities evaluate evidence and revise
conclusions as new evidence emerges.

A trained model has no equivalent. Its knowledge is a snapshot, not a living process, and nothing in its
architecture updates that snapshot the way a field updates its consensus.

This gap is the reason to be precise about what it's good for, surfacing, summarizing, drafting. And
what it can’t yet do, which is tell a researcher whether the ground it's standing on has already started to
move.
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https://jamanetwork.com/journals/jama/fullarticle/195120
https://journals.sagepub.com/doi/10.1177/1745691616652873
https://www.cochrane.org/about-us/news/cochranes-pioneering-role-living-evidence
https://www.cochrane.org/about-us/news/cochranes-pioneering-role-living-evidence
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