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Abstract:

Objective: To assess large language models’ (LLMs) mastery of contemporary consensus documents in
guideline-based neurointerventional decision-making domains and to compare their performance with
radiologists of different experience levels.

Methods: In this cross-sectional study, 100 single-best-answer, five-option MCQs were derived from three
CIRSE guideline sources. A non-participating general radiologist authored the items (33 carotid stenting, 33
thrombectomy, 34 acute stroke EVT). One neurointerventional radiologist, two general radiologists, and one
resident answered independently, blinded to the key. The same set was posed in January 2026 to Claude 4.5
Opus, ChatGPT 5.2 Instant, and Gemini 3 Pro using default settings and a standardized prompt. Accuracy was
compared with McNemar’s test and Bonferroni correction (P<0.002).

Results: The highest accuracy was observed with Claude 4.5 Opus (0.99+0.10); ChatGPT 5.2 Instant
(0.96+0.19) and Gemini 3 Pro (0.95+0.21) showed comparable performance. Among human participants, the
neurointerventional radiologist achieved the highest accuracy (0.85+0.35), while general radiologists scored
0.67-0.70 and the resident achieved 0.57. Each of the three LLMs significantly outperformed all human groups.
Moreover, Claude 4.5 Opus also demonstrated significantly higher performance than the neurointerventional
radiologist (P=0.001).

Conclusion: LLMs have reached a competitive level with neurointerventional radiologists in recalling and
interpreting neurointerventional guideline knowledge. In particular, Claude 4.5 Opus demonstrated strong
performance and appears to be a promising candidate for “real-time decision support” applications. Multimodel
validation and verification studies using real clinical scenario—based designs are warranted.
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LLMs in Guideline-Based Neurointerventional Multiple-Choice Questions

leading causes of mortality and morbidity

worldwide, and in acute ischemic stroke, time
is the most critical prognostic determinant [1].
Landmark trials over the past decade have
fundamentally reshaped clinical practice by
establishing endovascular therapies as standard of care
in appropriately selected patients [2—5]. In this rapidly
evolving field, the Cardiovascular and Interventional
Radiological Society of Europe (CIRSE) and other
international  organizations regularly publish
consensus statements and standards grounded in
evidence-based medicine [6-8]. However, the
accelerating growth of the literature and frequent
guideline updates make it increasingly difficult for
clinicians to maintain instant access to the most
current recommendations and apply them at the point
of care.
Large language models (LLMs) have recently
emerged as tools with potential utility across common
cerebrovascular workflows, including diagnostic
support, management recommendations, prognostic
estimation, and patient communication [9—14]. Prior
studies have also shown promising performance in
interventional radiology education, including success
on the European Board of Interventional Radiology
(EBIR) examination and use as a training aid for
medical students and interventional radiologists [15,
16]. LLM performance has additionally been
evaluated for mechanical thrombectomy decision-
making and post-thrombectomy outcome prediction,
suggesting potential clinical relevance [17-19].
Nevertheless, their competency has not yet been
systematically assessed in highly specialized
neurointerventional domains where technical details
and guideline-driven decisions are central—such as
acute ischemic stroke endovascular therapy,
mechanical thrombectomy, and carotid artery stenting.
To address this gap, we aimed to evaluate the
guideline-level knowledge of contemporary LLMs
available in 2026 (Claude 4.5 Opus, Gemini 3 Pro, and
ChatGPT 5.2 Instant) across carotid stenting, acute
stroke endovascular therapy, and mechanical
thrombectomy, and to benchmark their performance
against radiologists with different levels of experience.
Through this comparison, we sought to clarify the
potential role of LLMs in neurointerventional
decision-support workflows.

Cerebrovascular diseases remain among the

METHODS
Study Design and Reference Sources

This cross-sectional study was designed to
compare the extent to which internationally endorsed
consensus statements in  neurointerventional
neuroradiology are understood and interpreted by
radiologists versus LLMs. Three core guideline
documents published by the CIRSE and collaborating
international societies served as the reference
standard: the CIRSE Standards of Practice on Carotid
Artery Stenting [6], the Multisociety Consensus
Quality Improvement Revised Consensus Statement
for Endovascular Therapy of Acute Ischemic Stroke
[8], and the ESO-Karolinska Stroke Update
2014/2015 consensus statement on mechanical
thrombectomy in acute ischemic stroke (supported by
ESO, ESMINT, ESNR, and EAN) [7]. Because no real
patient data or identifiable patient information were
used, institutional review board approval was not
required.

Development of the Multiple-Choice Question Set

A total of 100 single-best-answer multiple-choice
questions (five options per item, one correct answer)
were developed to comprehensively cover the content
of the selected guideline documents. The item
distribution was predefined according to the scope of
each guideline: 33 questions on carotid artery stenting,
33 on mechanical thrombectomy, and 34 on
endovascular therapy for acute ischemic stroke. To
ensure neutrality and standardize item quality, the full
question set was authored by an independent general
radiologist (T.C.) with 8 years of clinical experience
and European Diploma in Radiology (EDiR)
certification, who did not participate in response
generation or data analysis. [tems were constructed by
directly referencing the recommendations and
statements within the source documents.

Human Participants and LLM Evaluation
Procedure

The question set was administered to two groups:
human radiologists and LLMs. The radiologist cohort
was structured to represent different levels of expertise
and comprised four readers: one neurointerventional
radiologist with approximately 5 years of stroke
intervention experience, two general radiologists
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(Y.C.G. and E.C.) each with approximately 8 years of
experience and EDIiR certification, and one radiology
resident currently rotating in interventional radiology.
Assessments were conducted in January 2026. Human
participants answered the questions independently and
were blinded to the answer key and to other
participants’ responses to ensure independent
judgment.

In parallel, the identical question set was
administered by the question-writing radiologist (T.C.)
to three contemporary LLMs via their official web
interfaces using default settings and no parameter
modifications: Claude 4.5 Opus (Anthropic), Google
Gemini 3 Pro (Google), and ChatGPT 5.2 Instant
(OpenAl). Questions were entered one-by-one in
separate sessions following a standardized instruction
prompt requesting selection of the single best answer
according to current guidelines. Model outputs were
recorded verbatim.

Statistical Analysis

Statistical analyses were performed using IBM
SPSS Statistics (version 26.0; IBM Corp., Armonk,
NY). Continuous variables (e.g., accuracy scores)
were summarized as meantstandard deviation, as well
as median and interquartile range (25th—75th
percentiles), as appropriate. Pairwise comparisons of
accuracy (correct vs. incorrect) between participants
were conducted using McNemar’s test, given the
paired and categorical nature of the outcome. With 7
participants yielding 21 pairwise comparisons, a
Bonferroni-adjusted threshold of P<0.002 was
considered statistically significant.

RESULTS
Overall Accuracy

The highest accuracy was observed for Claude 4.5

Opus (0.99£0.10), followed by ChatGPT 5.2 Instant
(0.96+0.19) and Gemini 3 Pro (0.95+£0.21).
Performance metrics for all radiologists and LLMs are
summarized in Table 1 and Figure 1.
Among human readers, the neurointerventional
radiologist achieved the highest accuracy (0.85+0.35).
General radiologists scored 0.67+0.47 and 0.70+0.46,
respectively, while the resident achieved 0.57+0.49.

Comparative Analyses

Pairwise comparison results are presented in Table
2. No statistically significant differences were
observed among the three LLMs (ChatGPT 5.2 Instant
vs. Gemini 3 Pro: P=0.250; ChatGPT 5.2 Instant vs.
Claude 4.5 Opus: P=1.000; Gemini 3 Pro vs. Claude
4.5 Opus: P=0.077), indicating similarly high
performance across models.

As expected, the neurointerventional radiologist
significantly outperformed the resident (P<0.001) and
one general radiologist (P=0.002). The difference
between the neurointerventional radiologist and the
second general radiologist did not meet the
Bonferroni-adjusted significance threshold (P=0.009;
adjusted P<0.002). No significant difference was
found between the two general radiologists (P=0.508).

Notably, all three LLMs significantly
outperformed every human reader group, including the
neurointerventional radiologist. All LLMs showed
clear superiority over the resident and general

TABLE 1. Accuracy of Participating Radiologists and Large Language Models on the 100Study-

Specific Fictional Guideline-Based Questions

Participant Accuracy Standard deviation Median Percentiles
(25P-75P)
Interventional radiologist 0.85 0.35 1 I-1
General radiologist 1 0.67 0.47 1 0-1
General radiologist 2 0.7 0.46 1 0-1
Assistant radiologist 0.57 0.49 1 0-1
ChatGPT 5.2 Instant 0.96 0.19 1 1-1
Gemini 3 Pro 0.95 0.21 1 1-1
Claude 4.5 Opus 0.99 0.10 1 1-1
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Diagnostic Accuracy of the LLMs and Radiologists
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FIGURE 1. Performance of radiologists and large language models on the 100 study-specific multiple-choice questions
developed from neurointerventional radiology guideline documents.

radiologists (all P<0.001). Compared with the
neurointerventional radiologist, Claude 4.5 Opus
achieved significantly higher accuracy (P=0.001),
whereas the higher accuracy of ChatGPT 5.2 Instant
(P=0.019) and Gemini 3 Pro (P=0.031) did not reach
Bonferroni-adjusted significance (P<0.002).

DISCUSSION

This study provides objective evidence that rapidly
advancing LLMs can achieve exceptionally high
performance on guideline-based knowledge tasks
within a highly specialized, technically detailed, and
protocol-driven neurointerventional domain. The
principal finding was that all evaluated LLMs
significantly outperformed both general radiologists
and the radiology resident. Importantly, Claude 4.5
Opus not only exceeded the performance of non-
specialist readers but also outperformed the
neurointerventional radiologist, whose daily clinical
practice centers on these procedures (P=0.001),
highlighting the models’ strong capability for

guideline retrieval and interpretation in a structured
question format.

Prior work has examined LLM performance on
interventional radiology—focused questions and board-
style assessments; however, most studies have
emphasized broad interventional knowledge rather
than the granular, recommendation-level detail
contained in specific CIRSE and multisociety
consensus documents [6—8, 15, 20]. For example,
Barat et al. evaluated the appropriateness of ChatGPT
responses to a custom set of 20 interventional
radiology questions and reported fully appropriate
answers for only 40% of items [20]. In an editorial
letter, Giines et al. reported that ChatGPT-3.5/4
achieved 66% (10/15) accuracy on 15 example EBIR
questions hosted on the CIRSE website,
outperforming several other general-purpose systems.
Against this backdrop, the near-ceiling accuracies
observed in our study—99% for Claude 4.5 Opus,
96% for ChatGPT 5.2 Instant, and 95% for Gemini 3
Pro—suggest substantial recent gains in consistency
for guideline-based recall and selection in single-best-
answer formats. Moreover, by benchmarking across

4
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TABLE 2. Pairwise Comparison of Accuracy Between Large Language Models and Radiologists Using P-Values Derived From

Mcnemar’s Test.

Gemini 3 Claude 4.5

General General Assistant ChatGPT 5.2
radiologist 2 radiologist

radiologist 1

Interventional

Opus

Pro
0.031
<0.001
<0.001
<0.001

Instant

radiologist

0.001

<0.001 0.019
0.013

0.009

0.002

Interventional radiologist

<0.001
<0.001
<0.001

<0.001
<0.001
<0.001

0.508

0.002

General radiologist 1

0.011

0.508
0.013

0.009
<0.001

General radiologist 2

0.011

Assistant radiologist

1

0.077

0.250

<0.001
<0.001
<0.001

<0.001
<0.001
<0.001

<0.001
<0.001
<0.001

0.019

ChatGPT 5.2 Instant
Gemini 3 Pro

0.250

0.031

0.219

0.001
Because 21 pairwise subgroup comparisons were performed using McNemar’s test, a Bonferroni-adjusted p-value of < 0.002 was considered statistically significant.

Bolded values indicate subgroup comparisons with statistically significant differences in accuracy.

Claude 4.5 Opus

multiple human experience levels, our data also
indirectly speak to item difficulty: the
neurointerventional radiologist’s 85% accuracy
indicates that the question set was non-trivial and
required domain expertise, whereas the 57-70% range
for the resident and general radiologists supports the
highly specialized nature of the guideline content.

These findings should not be interpreted as
evidence that LLMs can replace physicians. Clinical
decision-making in neurointervention extends beyond
selecting guideline-consistent statements; it integrates
patient-specific variables, imaging-based pattern
recognition, procedural nuance, and real-time
management of complications under uncertainty.
Nevertheless, the observed performance—particularly
for Claude 4.5 Opus—supports the plausibility of
LLMs functioning as “real-time decision support”
tools in the angiography suite or outpatient setting,
where rapid access to guideline-level
recommendations may be valuable. In practice, an
LLM could serve as a high-speed reference layer when
clinicians encounter uncommon complications,
borderline indications, or rapidly evolving
recommendations, potentially acting as a “digital
colleague” for guideline retrieval—provided that
outputs are transparently presented, critically
appraised, and embedded within appropriate
governance and safety frameworks.

Strengths and Limitations

Our study has several strengths. First, it addresses
a timely and clinically relevant question by evaluating
contemporary large language models in a highly
specialized, guideline-driven neurointerventional
domain. Second, the multiple-choice questions were
systematically derived from internationally recognized
CIRSE and multisociety consensus documents,
providing a clear and reproducible reference standard.
Third, the study compared LLM performance with
radiologists at different levels of experience, including
a neurointerventional radiologist, general radiologists,
and a radiology resident, thereby enabling a clinically
meaningful benchmark across expertise levels. Finally,
the use of identical questions, standardized prompting,
blinded human assessment, and pairwise statistical
comparisons strengthened the methodological
consistency of the evaluation. Several limitations also
merit consideration. First, evaluation was restricted to
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text-only multiple-choice items, which do not capture
the multimodal complexity of real clinical workflows
that require integration of imaging, laboratory trends,
and evolving neurological examinations. Second, the
study design focused on accuracy in a single-best-
answer format and did not assess calibration,
explanation quality, uncertainty expression, or the
propensity for plausible-sounding but incorrect
rationales. Third, model performance was measured
under default platform settings at a single time point,
and LLM behavior may vary across versions, updates,
or prompting strategies. Future work should therefore
prioritize multimodal, scenario-based validation
studies incorporating imaging and clinical context,
assess reliability and uncertainty handling, and
evaluate prospective utility within supervised clinical
decision-support pipelines.

CONCLUSION

In conclusion, as of 2026, contemporary LLMs
demonstrate guideline-level mastery in
neurointerventional neuroradiology that is competitive
with—and in the case of Claude 4.5 Opus,
surpassing—human expert performance on structured
guideline-based questions. This technological step-
change has direct implications for medical education
and for the design of safe, auditable, clinician-in-the-
loop decision-support systems in neurointerventional
practice.
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