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Abstract

LLMs are increasingly becoming part of ev-
eryday clinical decisions, yet they are trained
on datasets that were static long before they
were released into the world. The time gap be-
tween when the model was trained and when
the model is used, referred to as a knowledge
cutoff, has proven to be a subtle but crucial
failure mode. The model may be capable and
aligned, yet offer out-of-date medical advice
with absolute fluency. We want to investigate
what difference the degree of data freshness
alone can make in a model’s clinical perfor-
mance. We isolated the cutoff parameter be-
tween two model families with differing re-
lease patterns: the closed-weight GPT mod-
els and the open-weight LLaMA models, us-
ing data from two dated versions of the IDSA
COVID-19 Treatment and Management Guide-
lines (v5.0.0, 8/25/21; v11.0.0, 6/26/23). We
evaluated recommendation-level differences
and generated 363 multiple-choice questions
that represented true changes in treatment ad-
vice. All models were queried using the exact
same prompts and deterministic settings on the
same questions. We see that accuracy only
jumps up when the assumed training cutoff of
the model falls after the date of the newer guide-
line. Both GPT-3.5-Turbo and LLaMA-2-13B,
with their older cutoffs, fail to match the accu-
racy of models with cutoffs later than 6/26/23,
whereas the more recently trained models GPT-
40, GPT-5, and LLaMA-3.3-70B achieve over
90% accuracy and show similar results. This
demonstrates the success of using fresh data
and that this alone leads to improvements in ap-
plied medical reasoning and is more than just a
count of parameters. The users of these systems
may have an outsized trust in their fluency even
if the information they convey is not up to date,
especially in sensitive or stressful conditions.

1 Introduction

Language models have become a central compo-
nent of modern clinical and biomedical research.
They assist with summarizing evidence, generat-
ing differential diagnoses, and supporting patient
communication. These systems are increasingly in-
tegrated into search platforms, clinical documenta-
tion tools, and medical education resources. Their
rapid adoption reflects the promise of scalable
decision-support, yet it also introduces a new form
of technical debt: models are built on static data
that freeze the medical record at a single point in
time. Once deployed, they cannot automatically
absorb updates to scientific consensus or treatment
guidelines. In clinical contexts, this limitation car-
ries direct implications for safety and reliability.

Medical knowledge changes more rapidly than
most general purpose knowledge sources. The
current standard of therapy may be updated ev-
ery few months based on a new clinical trial or
meta-analysis. We saw the pace of medical knowl-
edge updates during the COVID-19 pandemic. Be-
tween early and mid-2023, the recommendations
for steroid use, antiviral indication, and monoclonal
antibody use changed significantly between up-
dates of the IDSA COVID-19 guidelines. The
output of a language model trained before early
2023 could contain treatment recommendations
that had already been withdrawn from practice. As
a language model generates recommendations with
fluency and certainty, patients or physicians may
incorrectly give greater weight to that information
simply because it is well-written, rather than be-
cause it reflects current practice.

This phenomenon highlights a central challenge
in evaluating medical language models: temporal
reliability. Most existing benchmarks emphasize
reasoning quality, factual precision, or bias mit-
igation, while the temporal dimension of knowl-
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Figure 1: Example of guideline drift and model obsolescence. IDSA definitions for COVID-19 illness severity changed from
“non-severe” (2021) to “mild to moderate” (2023). A model trained before this update continues to give outdated terminology in
2024, illustrating how cutoff limitations can produce clinically misleading advice.

edge—how current or obsolete a model’s informa-
tion is—receives less attention. The training cutoff,
often briefly noted in technical documentation, rep-
resents a boundary between what a model can know
and what it cannot. Yet the practical effect of this
boundary on medical performance has not been
systematically quantified. If a model’s knowledge
decays as guidelines change, its apparent reason-
ing ability may mask clinically significant obsoles-
cence.

Grasping this connection is important for proper
deployment. It needs to be understood by hospitals,
regulators and developers how much of the infor-
mation behind a model is old enough that retraining
or replacement should occur. Otherwise, measures
can overstate safety. Temporal coverage is itself
a measurable and reportable aspect of model de-
sign, like the bias of a model or its interpretable
components or scale of parameters.

This paper examines how knowledge cutoffs influ-
ence clinical accuracy. Using successive versions
of the IDSA COVID-19 guidelines as a controlled
benchmark, we measure how model performance
shifts across systems released at different times. By
isolating data recency from other confounding vari-
ables such as architecture and alignment, we show
that the freshness of training data is a key determi-
nant of a model’s ability to reflect current medical
standards. The results contribute to a broader under-
standing of temporal validity in clinical language
models and underscore the need for continual mon-
itoring of information currency in safety-critical
domains.

2 Related Works

Research on temporal behavior in large language
models has developed along three main directions:
documenting model data provenance, identifying
factual decay over time, and designing continual
learning strategies to maintain knowledge fresh-
ness. Together, these efforts reveal how the tempo-
ral scope of training corpora shapes downstream
reliability. Even so, they stop short of fully quanti-
fying that effect in safety-critical contexts such as
medicine.

Attempts to document and track training data have
also highlighted the black-box nature of current
model pipelines. Analyses of web-scale corpora
such as CCNet and RefinedWeb revealed skewed
coverage across languages and widely differing
time distributions even within a single crawl (Wen-
zek et al. (2020); Penedo et al. (2023)), and follow-
up studies indicated significant drift in topics and
domain proportions between different versions of
the dataset, making "recency" difficult to define or
track. While works such as TimeLLMs (Loureiro
et al., 2022) and the framework proposed by Dhin-
gra et al. (2022) highlight the potential of explicitly
embedding time information in training data, they
are limited to public datasets, and even the broader
documentation efforts proposed in Datasheets for
Datasets and Model Cards for Model Reporting
(Gebru et al., 2021; Mitchell et al., 2019) do not
typically focus on time information.

Parallel work examines temporal drift and factual
obsolescence in model outputs. Benchmarks such
as FreshQA and TempLAMA evaluate how per-
formance declines when reference facts are up-
dated—an issue closely related to temporal decay
in factual consistency ((Vu et al., 2024; Dhingra



etal., 2022)). These studies show that models main-
tain internal consistency even when their answers
contradict new evidence, implying that decay op-
erates silently rather than through explicit uncer-
tainty.

Another dimension focuses on structural ap-
proaches that address continuous and life-long
learning. The foundations for continuous and life-
long learning can be traced back to work on gra-
dient episodic memory and elastic weight consoli-
dation, laying the theoretical groundwork to learn
new knowledge without compromising old knowl-
edge (Lopez-Paz and Ranzato, 2017; Kirkpatrick
et al., 2017). Modern approaches adapt these tech-
niques in the transformer world using adapters
and parameter-efficient fine-tuning methods, such
as parameter-efficient transfer learning and LoRA
(Houlsby et al., 2019; Hu et al., 2022). While these
are successful in certain environments, they assume
access to timestamped data streams, a setup that
usually does not exist within closed commercial
systems. Without continuous adaptation, model
knowledge is effectively frozen in time.

In the clinical domain, language models have
been evaluated primarily for diagnostic reason-
ing and information retrieval. Benchmarks like
MedMCQA and MultiMedQA demonstrate that
large models encode substantial medical knowl-
edge (Pal et al., 2022; Singhal et al., 2023), while
domain-specialized systems such as BioMedLM
and GatorTron show that further tuning on biomed-
ical text yields measurable gains in precision
(Bolton et al., 2024; Yang et al., 2022). Yet these
studies rarely interrogate when the information
used by a model was last valid.

In all, prior work has illustrated that language mod-
els are capable of high performance on static rea-
soning while being worse on current state of the
world knowledge. We still have to understand the
extent to which static accuracy in a language model
relies on the training data cutoff. We present the
first work that solely varies the knowledge cutoff
and shows that without changing the architecture
of the model or its alignment, the main factor pre-
dicting clinical performance is time coverage.

3 Methodology

This study evaluates the impact of knowledge cut-
offs on clinical accuracy by isolating temporal

coverage as the only independent variable across
two large language model families: OpenAl’s
closed-weight GPT series and Meta’s open-weight
LLaMA series. The experiment design deliberately
holds model architecture, prompting, and evalu-
ation setup constant to ensure that any observed
variation in performance arises primarily from dif-
ferences in effective temporal coverage.

3.1 Guideline Selection and Temporal
Framing

In order to build a temporally grounded benchmark,
two publicly available editions of the Infectious
Diseases Society of America (IDSA) COVID-19
Treatment and Management Guidelines were se-
lected: 5.0.0 (August 25, 2021) and 11.0.0 (June
26, 2023). Version 5.0.0 was released prior to the
training cutoff date of every model we tested, and
version 11.0.0 was released only after the oldest
model in each of our model families. This arrange-
ment allows us to objectively assess temporal va-
lidity by determining whether or not the internal
knowledge of the models has caught up to events
occurring after the training cutoff.

3.2 Difference Extraction and Question
Generation

A programmatic comparison was made for each
set of guideline versions. The goal was to iso-
late changes at the recommendation level, meaning
changes that actually alter clinical practice, as op-
posed to purely textual changes at the surface level.
A custom parser was developed to identify recom-
mendation descriptions in three categories: treat-
ment modality, medication eligibility, and dosage
recommendations. For each unique difference, a
multiple choice question (MCQ) was automatically
generated, with a single correct answer, the lat-
est recommended change, and three incorrect an-
swers, or distractors, extracted from outdated or
deprecated guideline statements. This resulted in
a 363 MCQ database that truly reflects the clinical
change.

Not all text-based differences were selected for
benchmark items, because updates to guidelines
typically address shifts in both treatment recom-
mendation and evidence quality/strength, condi-
tional language, and patient groups. Accordingly,
we selected for inclusion using the following cri-
teria when creating the MCQs. A guideline differ-



ence was selected if it altered a decision-making
action, e.g., which drug or intervention should be
recommended, which patients were suitable for a
certain treatment, when a treatment or intervention
should be performed, or what dosage. For example,
if a previous recommendation said “Patients should
receive treatment X, and an updated guideline
recommended “Patients may receive treatment X,”
that update would not have been selected for the
benchmark. We ensured that any criteria on which
the decision was based, e.g., hospitalization status,
disease severity, oxygen levels required, symptom
timing, and risk profile, were addressed in the ques-
tion, and that there was one unique correct answer
for the question and no alternative.

All identified differences and corresponding ques-
tions underwent a manual verification audit to con-
firm that each item was unambiguous, clinically
valid, and that all distractors accurately reflected
superseded recommendations.

Representational limits of MCQ diffs. Al-
though each question rests upon a documented
recommendation-level change, updates to guide-
lines often do not appear as atomic "fact flips." In
many cases, IDSA changes include adjustments
in the strength of evidence, conditionality, or pa-
tient subgroups that cannot easily be mapped into a
multiple-choice format without significant loss of
nuance. Hence, we regard each MCQ as a diagnos-
tic probe of the model’s ability to recall the updated
recommendation given the item’s conditions, rather
than as a test of its overall guideline reasoning. In
Section 6.1, we propose ways to evaluate models
in light of conditionality in future benchmarks.

3.3 Model Families and Evaluation Protocol

Three models were evaluated from each family to
capture pre and post-cutoff behavior:

e GPT Family: GPT-3.5-Turbo, GPT-40, and
GPT-5

e LLaMA Family: LLaMA-2-13B-hf, Llama-
3.3-70B-Instruct, and Llama-4-Scout-17B-
16E-Instruct

For each model, all 363 MCQs were presented
under identical deterministic prompting conditions
to ensure reproducibility. Each model evaluated
was asked each of the 363 questions. Each response

was then parsed and compared against the reference
key.

3.4 Evaluation and Scoring

Inference configuration. All models were evalu-
ated on the same 363 items using a fixed multiple-
choice prompt and deterministic decoding. Deter-
ministic decoding isolates temporal coverage ef-
fects from sampling variance and makes scores ex-
actly reproducible under identical settings. Hosted
models were accessed via provider APIs; open-
weight models were evaluated using an endpoint.

Output constraint and parsing. Models were in-
structed to output only a single option letter (A-D).
Outputs were scored by selecting the first occur-
rence of a standalone option letter in A,B,C,D.

What “cutoff’’ means in modern pipelines. Our
analysis uses publicly documented or widely re-
ported training windows as a proxy for temporal
exposure. We emphasize that modern pipelines are
not a clean binary function of a pretraining cut-
off: supervised finetuning, RLHF traces, retrieval-
augmented distillation, synthetic preference data,
and contamination from web snapshots may leak
post-cutoff knowledge in non-obvious ways. Con-
sequently, we interpret the observed performance
discontinuities as evidence of effective temporal
coverage rather than a strict causal claim about
pretraining boundaries. We revisit this uncertainty
explicitly in the Limitations and Ethics sections.

Why deterministic evaluation is still informative.
Deterministic evaluation intentionally underesti-
mates variance seen in deployed settings, where
prompt phrasing and stochastic decoding can am-
plify temporal drift. We therefore treat the deter-
ministic benchmark as a lower bound on instability
risk, and we outline stability-focused follow-up
measurements in Future Work.

3.5 Temporal Validation Hypothesis

The primary hypothesis is that models trained prior
to June 2023 will do worse on recommendations
based on Version 11.0.0 because those recommen-
dations had not yet been created in the dataset
used for training. However, models trained af-
ter June 2023 should demonstrate similar perfor-
mance across guidelines because temporal cover-



age should have become saturated. Seeing this
saturation occur in both open and closed-weight
systems would support the idea that the amount of
recent training data, rather than model capability or
alignment, dictates performance in time-sensitive
clinical reasoning.

4 Representative Benchmark

We include representative items for trans-
parency. Each question is derived from a veri-
fied recommendation-level change between IDSA
guideline versions.

Question: According to the IDSA COVID-19
Treatment Guidelines version 11.0.0, which an-
tiviral therapy is now recommended as first-line
for high-risk, nonhospitalized adults with mild-to-
moderate COVID-19 when started within 5 days of
symptom onset?

(A) Remdesivir (3-day IV regimen)
(B) Nirmatrelvir/ritonavir (Paxlovid)
(C) Hydroxychloroquine

(D) Molnupiravir

Answer: (B)

5 Results

Table 1 presents the quantitative performance of
all six evaluated models across the 363-question
benchmark derived from the IDSA COVID-19
Treatment and Management Guidelines. Each ques-
tion represented a verified update in medical con-
sensus between Version 5.0.0 (August 25, 2021)
and Version 11.0.0 (June 26, 2023), enabling a
direct measurement of how each model’s knowl-
edge recency aligned with modern therapeutic stan-
dards. Because all models were tested under identi-
cal deterministic settings, differences in outcome
are most consistent with differences in effective
temporal coverage.

Across both model families, a clear temporal in-
flection was observed. Models trained prior to
June 2023 performed markedly worse on items
reflecting later guideline updates, while those
trained afterward demonstrated near-saturated
performance. Within the GPT family, GPT-
3.5-Turbo—whose training data predated Ver-
sion 11.0.0—achieved an overall accuracy of

76.03%. In contrast, GPT-40 and GPT-5, which
both postdate the 2023 guideline release, scored
97.25% and 98.07%, respectively. The gain of over
twenty percentage points indicates that temporal
data inclusion, rather than parameter scale or minor
alignment improvements, accounts for the majority
of the performance increase.

GPT-3.5-Turbo’s relatively high 76.03% accuracy
can be attributed largely to inference rather than
the actual information it stores. While 76.03% is
certainly impressive as a piece of model inference,
it is not high enough in a clinical setting to be
relied on, let alone trusted. The fact that the main
difference in accuracy between the pre-guidelines
model and the post-guidelines models comes from
knowledge cutoff, rather than things like parameter
size or model ability, can be shown with the use
of another post-dating model. We utilize GPT-5
here, a post-dating model that is significantly more
capable than GPT-40 yet scores nearly exactly the
same, while GPT-3.5-Turbo scored far worse. This
supports the idea that the difference comes from
the knowledge cutoff and not sheer ability.

A similar trend was seen within the open-weight
LLaMA models. While the knowledge cutoff of
LLaMA-2-13B-hf was long before v11.0.0, and
so its accuracy was only 35.26%, the newer mod-
els LLaMA-3.3-70B-Instruct and LLaMA-4-Scout-
17B-16E-Instruct were able to achieve accuracies
of 94.77% and 91.46%, respectively. This nearly
60 percentage point increase across both families
of models supports the observation from the GPT
models that models with older knowledge tend to
be less reliable, even across different architectures.

To ensure robustness, every model was evaluated
on the same 363 questions, with responses parsed
automatically to extract the selected choice and
matched against the reference key. No stochastic
variation was introduced, so each reported accuracy
represents a deterministic outcome reproducible
under identical conditions. Accuracy distributions
displayed minimal variance within post-cutoff mod-
els, suggesting that once exposure to the updated
medical corpus is achieved, performance converges
regardless of further scale or parameter growth.

Both families of models share the same curve
trend: they show sharp improvement in perfor-
mance when post-June 2023 training data is added,
and reach steady performance in the next step. This
transition is achieved regardless of the size of the



Model Family Model Accuracy (%)

Closed-weight (OpenAl GPT Series)

GPT Series GPT-3.5-Turbo 76.03
GPT-40 97.25
GPT-5 98.07

Open-weight (Meta LL.aMA Series)

LLaMA Series LLaMA-2-13B-hf 35.26
LLaMA-3.3-70B-Instruct 94.77
LLaMA-4-Scout-17B-16E-Instruct 91.46

Table 1: Accuracy of GPT and LLaMA model families across 363 automatically generated clinical multiple-choice questions
derived from IDSA guideline updates. Each result reflects deterministic evaluation

model, suggesting that new training data more
strongly impacts performance on medical question
answering compared to model size and alignment
procedures.

6 Analysis

The quantitative results in Table 1 reveal a clear
medical and clinical trend rather than a purely com-
putational one. Across 363 IDSA-derived clinical
questions, model accuracy improved sharply once
training data included the June 2023 guideline revi-
sion. This outcome shows that the models’ ability
to reason clinically depends less on scale and more
on exposure to current medical evidence. In prac-
tical terms, temporal recency becomes a clinical
determinant of reliability, not just a technical vari-
able.

The convergence of 95% and 98% accuracy across
both families, after time alignment, highlights that
clinical reliability is indeed tied to recency of
knowledge. Once a model is allowed to drift out
of alignment with updated guidelines, performance
drops as though clinical training has been allowed
to expire. The study measures how far out of
date that training would have had to become, with
roughly 60-points of accuracy lost if the model cut-
off predates the new guidelines. This should be a
solid baseline for anyone using these models in a
clinical setting.

6.1 Limitations

This study is designed to isolate temporal coverage
as cleanly as possible, but several limitations are

important for interpretation.

Non-randomized multiple-choice structure. Al-
though each item was manually verified for clinical
validity, multiple-choice formats can introduce po-
sitional or formatting bias (e.g., a preference for
earlier options, or sensitivity to how distractors are
worded).

Single deterministic evaluation pass. All results
in this paper are generated with deterministic de-
coding (1" = 0) in one pass per model. This strat-
egy eliminates sampling variance and isolates com-
parisons of time coverage. This approach does not
measure stability from one run to another. Subse-
quent work should include mean + standard devia-
tion across seeds and temperatures, and item-level
flip rates to measure whether instability is due to a
small set of borderline questions.

Closed-model mutability over time. For hosted
proprietary models, behavior may change over time
even when the product name remains constant (e.g.,
backend updates, safety patches, or silent weight
refreshes). Longitudinal re-evaluation and version-
pinned identifiers, when available, would help to
distinguish temporal drift in the model from drift
in the underlying medical evidence.

6.2 Ethical Statement

This research uses only publicly available medical
text and does not involve human subjects, identi-
fiable data, or protected health information. None
of the findings should be used for clinical decision-
making. The work aims solely to advance scientific
understanding of how temporal data integrity af-
fects the safety and reliability of medical language



models.

7 Future Work

Future studies should not only extend this valida-
tion framework to new medical areas including
oncology, cardiology, and psychiatry, where dis-
ease processes may also be characterized by their
own decay trends, but also move to a longitudinal
setup that allows evaluating at what speed model
accuracy degrades when the set of clinical guide-
lines in circulation keeps changing. Concurrently,
work must also start by studying methods to update
models dynamically, whether through approaches
like continual learning or retrieval, complemented
with reinforcement approaches, in order to close
the gap between static pretraining and a living med-
ical knowledge base.

Beyond technical development, collaboration be-
tween computational scientists and clinical experts
will be essential. Future benchmarks must not only
assess factual accuracy but also measure down-
stream clinical safety and interpretability. Ulti-
mately, the goal is to ensure that medical language
models serve as trustworthy extensions of human
judgment rather than outdated archives of past con-
sensus.

Future work should explore the real-world under-
standing of temporally stale outputs, especially if it
can demonstrate that an increase in fluency and/or
confidence leads to greater over-trust. Understand-
ing this interaction is key to the safe deployment of
language systems in both the clinical and mental
health domain.

8 Conclusion

In our 363 medically vetted IDSA guideline ques-
tions, we show that temporal recency of data ap-
pears to be a stronger determinant than model size
or architecture in this benchmark of a language
model’s clinical reasoning ability. The GPT and
LLaMA families of models displayed identical tem-
poral inflection at our cutoff, with rapid improve-
ments once data from after June 2023 was added,
before flattening out near expert-level performance.
The finding was identical across models of differ-
ing weight types, open and closed-weight, show-
ing that model design does not determine clinical
trustworthiness; rather, the medical recency of the
trained data does.

These outcomes have real-world clinical implica-
tions. Not only does a model trained on outdated
data perform poorly, it can be hazardous. The 60-
point difference between pre- and post-cutoff mod-
els illustrates how obsolescence translates to an
actual risk of diagnostic misinterpretation. It is
critical that models remain congruent with clinical
practices, making this another instance of biomed-
ical maintenance, where frequent retraining, con-
stant validation on updated clinical practices, and
regular temporal auditing become standard require-
ments prior to clinical integration.

Data and Code Availability

All data, generated questions, and evalua-
tion code used in this study are publicly
available at: https://huggingface.
co/datasets/michaelcacioli/
LLM-Covid—-19-Cutoff-Evaluation.

The repository includes the full set of 363 clini-
cal multiple-choice questions generated from the
IDSA guideline differences, along with the parsing
and evaluation scripts used for deterministic model
benchmarking.
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A Additional Benchmark Examples

To provide further transparency into the evaluation
dataset, we include additional representative ques-
tions derived from IDSA guideline updates.

Example 1

Question: According to the updated IDSA
COVID-19 treatment guidelines, what is the cur-
rent recommendation regarding the use of iver-

mectin for hospitalized or non-hospitalized patients
with COVID-19?

(A) Suggested only for hospitalized patients re-
quiring supplemental oxygen

(B) Recommended routinely for all patients with
mild to moderate COVID-19

(C) Recommended only within the context of a
clinical trial

(D) Recommended as an adjunct to antiviral ther-
apy in high-risk outpatients

Answer: (C)
Example 2

Question: According to the June 2023 (v11.0.0)
IDSA COVID-19 guidelines, which antiviral regi-
men is now preferred for treating nonhospitalized
adults with mild-to-moderate COVID-19 at high
risk for progression to severe disease?

(A) Hydroxychloroquine with azithromycin

(B) Nirmatrelvir/ritonavir oral course within 5
days of symptom onset

(C) Remdesivir 5-day IV course as first-line ther-
apy

(D) Ivermectin single-dose therapy

Answer: (B)

These examples illustrate the
recommendation-level changes
the dataset.

type of
captured in

B Error Analysis

To better understand model failure modes, we man-
ually inspected a subset of incorrect responses
across models.

We observe three dominant error categories:

1. Temporal hallucination. Models with earlier
knowledge cutoffs confidently generated outdated
recommendations that were previously valid but
have since been superseded.

2. Option bias. Certain models, particularly
LLaMA-2-13B, showed a tendency to favor ear-
lier answer choices (e.g., option A), suggesting
alignment or decoding biases rather than true rea-
soning.

3. Partial knowledge overlap. Some incorrect
responses reflected partial incorporation of updated
knowledge, where models mixed older and newer
guidelines inconsistently.

These findings reinforce that performance degra-
dation is not random but systematically linked to
temporal misalignment between training data and
current medical standards.
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Figure 2: Model accuracy across GPT and LLaMA families as a function of knowledge cutoff. A sharp performance inflection
occurs once models include post—June 2023 training data, followed by convergence near expert-level accuracy.
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