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Abstract

The aim of this study was to evaluate diagnostic accuracy and differential-
diagnosis quality of large language models (LLMs) for clinically realistic, text-
only pediatric neuroradiology cases. This cross-sectional diagnostic accuracy
study included 100 fictional pediatric neuroradiology cases composed of a brief
clinical presentation and a structured text-only CT/MRI report curated by an
expert pediatric neuroradiologist and a pediatrist. For each case, a reference
primary diagnosis and two acceptable alternatives were pre-specified. Seven
LLM variants (ChatGPT-5.2 Instant/Auto/Thinking; Gemini 3 Pro/Thinking;
Claude 4.5 Opus/Opus Thinking) and three radiologists (two general radiolo-
gists; one pediatric radiologist) each provided one primary diagnosis and two
differentials. Primary outcome was top-1 accuracy (exact match or acceptable
alternative). Secondary outcomes were Differential Diagnosis Score (DDxS-
core, 1–5) and response time. Paired accuracy differences were assessed with
Cochran’s Q and post-hoc McNemar tests; DDxScore and response time were
compared using Friedman tests with post-hoc Wilcoxon signed-rank tests and
multiplicity correction. Top-1 accuracy ranged from 44–54% among radiologists
(pediatric radiologist 54%) and 48–80% among LLMs (ChatGPT-5.2 Think-
ing/Auto and Gemini 3 Thinking 80%; Claude 4.5 Opus Thinking 76%). Over-
all accuracy differed across raters (Cochran’s Q=107.86, df= 9, p < 0.001).
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Median DDxScores were 4.0 (IQR 2.0–4.0) for the pediatric radiologist, 3.0
(2.0–4.0) for general radiologists, and up to 5.0 (4.0–5.0) for leading thinking-
mode LLMs (p < 0.001). All LLMs were faster than radiologists (p < 0.001). In
text-only pediatric neuroradiology cases, several contemporary LLMs matched
or exceeded radiologists in top-1 accuracy and produced high-quality differen-
tials with substantially shorter response times. These findings support further
evaluation for education and audited decision-support workflows.

Key words: large language models, artificial intelligence, pediatric neu-
roradiology, diagnostic accuracy, radiology education

Introduction. Pediatric neuroradiology encompasses imaging of the cen-
tral and peripheral nervous systems and head/neck/spine across developmental
stages, using modalities including US, CT, MRI, radiography, and angiography
[1]. Despite technical advances, access to pediatric neuroimaging expertise re-
mains uneven, underscoring the need for scalable approaches that support equi-
table care [2].

Large language models (LLMs) have rapidly expanded across medical appli-
cations involving complex text synthesis and explanation [3]. In radiology, LLMs
have been investigated for impression generation, exam-style question answering,
text-based case diagnosis, and workflow-adjacent decision support [4–8]. Broader
radiology literature suggests potentially useful performance across subspecialties,
but emphasizes the need for careful validation, safety assessment, and appropriate
governance prior to clinical deployment [9]. Text-based neuroradiology evaluations
have also reported promising results when models are provided structured clinical
histories and imaging findings [4, 5, 7, 8, 10–13].

In pediatric radiology, prior work has examined LLM performance using text
questions, case vignettes, bone age assessment, and visual diagnostic tasks [14–16].
However, to our knowledge, a focused, comparative evaluation of LLMs on text-
only pediatric neuroradiology cases with human radiologist comparators has not
been systematically reported.

Therefore, we evaluated diagnostic accuracy and differential-diagnosis quality
of multiple contemporary LLMs on expert-authored fictional but clinically realis-
tic pediatric neuroradiology cases (text-only CT/MRI reports plus brief clinical
presentation). Secondary aims were to assess differential utility using an ordi-
nal DDxScore, explore performance variation across case categories, and compare
LLMs with radiologists of differing experience interpreting identical case informa-
tion. We hypothesized that contemporary LLMs would demonstrate moderate-to-
high top-1 accuracy and clinically useful differentials in this constrained, text-only
setting.

Materials and methods. Study design and reporting. This was a case-
based diagnostic accuracy study, reported with STARD 2015 principles adapted
to a fictional-case design [17]. Ethics approval was not required because no patient
data were used.
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Case creation and reference standard. A board-certified pediatric neuro-
radiologist with 20 years’ experience (A.M.K.) created 100 fictional pediatric neu-
roradiology cases reflecting routine reporting style, each consisting of a brief clin-
ical vignette and a structured text-only CT/MRI report. A pediatrician with 12
years’ experience (G.C.) prepared age-appropriate clinical histories and key find-
ings. Cases covered neoplasms, infection/inflammation, vascular lesions, congen-
ital/developmental anomalies, and metabolic/neurodegenerative disorders. For
each case, the reference standard consisted of one primary diagnosis defined at
clinically meaningful specificity and two acceptable alternative diagnoses (e.g.,
entity-level vs. closely related subtype). Representative cases are shown in Table
1; study workflow is summarized in Fig. 1.

Fig. 1. Flowchart of the study

Large language models and access conditions. Seven LLMs were evalu-
ated in December 2025: ChatGPT-5.2 (Instant/Auto/Thinking), Gemini 3 (Pro/
Thinking), and Claude 4.5 Opus (standard/Thinking). All models were accessed
through official web interfaces using default user-facing settings, with no external
tools, retrieval, plug-ins, or parameter tuning, to reflect typical real-world use.

Prompting and data collection. Prompt structure followed prior radiol-
ogy-focused LLM evaluations emphasizing explicit role framing and concise task
instructions [18]. The base prompt was: “As a highly experienced professor of
pediatric neuroradiology with 30 years of expertise, analyze the patient history
and imaging findings and provide the most likely diagnosis and two differential di-
agnoses.” Each case was submitted in an independent session to minimize context
carryover; no feedback or correction was provided between cases. A European
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Board-certified general radiologist (T.C., ∼ 8 years’ experience) performed model
submissions and recorded response times. An example input-output workflow is
provided in Fig. 2.

Fig. 2. An example of the response of Google Gemini 3 Pro to a fictional
case involving Walker–Warburg syndrome

Human comparator group. Two European Board-certified general radi-
ologists (8 years’ experience; Y.C.G., E.Ç.) and one pediatric radiologist (15
years’ experience; G.T.) interpreted the same text-only cases, blinded to refer-
ence diagnoses and LLM outputs. They provided one primary diagnosis and two
differentials per case; response time was recorded. The case-creating pediatric
neuroradiologist evaluated responses for accuracy and DDxScore.

Top-1 accuracy: Primary diagnosis coded as correct if it matched the ref-
erence diagnosis or one of two pre-specified acceptable alternatives; otherwise
incorrect. Accuracy was the proportion correct across 100 cases.

Differential diagnosis score (DDxScore, 1–5): Adapted from prior ra-
diology LLM evaluation frameworks that capture partial correctness and clinical
usefulness [4].

• 5: primary correct; differentials complete/appropriate
• 4: primary correct; minor omissions/less relevant additions
• 3: primary incorrect; correct diagnosis present high in differential list
• 2: primary incorrect; correct diagnosis only low in differentials
• 1: correct diagnosis absent; no close alternative
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Response time: Time from case submission to finalized answer (seconds).
Statistical analysis. Paired binary accuracy across ten raters was compared

using Cochran’s Q; significant omnibus results were followed by pairwise McNemar
tests with Bonferroni-adjusted two-sided p-values (α = 0.05). DDxScore and
response times were compared using Friedman tests and post-hocWilcoxon signed-
rank tests with Bonferroni correction. Analyses were performed using SPSS v26
(IBM).

Results. Across 100 cases, performance varied substantially (Table 2). Top-1
accuracy was 54% for the pediatric radiologist and 47%/44% for general radiolo-
gists. LLM accuracy ranged from 48% (Gemini 3 Pro) to 80% (GPT-5.2 Think-
ing, GPT-5.2 Auto, Gemini 3 Thinking); Claude 4.5 Opus Thinking achieved
76% and Claude 4.5 Opus 72%. Diagnostic accuracy differed significantly across
raters (Cochran’s Q=107.86, df= 9, p < 0.001). In post-hoc comparisons, the
highest-performing LLMs (80% group; Claude 4.5 Opus Thinking) outperformed
each radiologist in most contrasts (many p < 0.001) (Table 2).

DDxScore also differed across raters (Friedman χ2(9) = 192.25, p < 0.001).
Median (IQR) DDxScores were 4.0 (2.0–4.0) for the pediatric radiologist and 3.0
(2.0–4.0) for both general radiologists. LLM medians ranged from 3.0 (3.0–5.0)
to 5.0 (4.0–5.0), with the highest median DDxScore observed for Gemini 3 Think-
ing and Claude 4.5 Opus Thinking (both 5.0 [4.0–5.0]). Thinking/Auto variants
generally outperformed instant/pro variants (adjusted p ≤ 0.015) (Table 2).

Response times differed significantly (Friedman χ2(9) = 804.48, p < 0.001).
All LLMs were faster than radiologists (all adjusted p < 0.001). Instant-response
variants were fastest overall, whereas thinking-mode variants were slower than
instant variants (all adjusted p < 0.001), consistent with increased deliberation.

Discussion. In this text-only pediatric neuroradiology benchmark, sev-
eral contemporary LLMs achieved diagnostic accuracies and differential-diagnosis
quality comparable to, and in multiple comparisons exceeding, those of experi-
enced radiologists interpreting identical structured information. To our knowl-
edge, this represents the first focused evaluation of LLM diagnostic performance
in pediatric neuroradiology using clinically realistic, expert-authored fictional re-
ports with human comparators.

Our results extend earlier radiology literature suggesting that LLMs can per-
form strongly on structured text-based diagnostic tasks across subspecialties [4–9]
and align with neuroradiology vignette studies showing promising diagnostic per-
formance when models receive patient history plus imaging findings [10,11]. Pedi-
atric neuroradiology is particularly challenging due to age-dependent prevalence,
rare congenital/metabolic entities, and overlapping phenotypes [1, 2]. The rela-
tively strong performance of leading models in this constrained setting suggests
that when imaging findings are clearly articulated in report-like language, LLMs
may leverage internal medical knowledge and pattern constraints to propose plau-
sible diagnoses and differentials.
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T a b l e 2

Diagnostic performance of radiologists and large language models on 100 fictional paediatric
neuroradiology cases

Min–Max Median(75P–25P) Mean ± SD

Pediatric radiologist
False 46

True 54

Pediatric radiologist DDxScore 1.0–5.00 4.0 (4.0–2.0) 3.1 ± 1.4

General radiologist 1
False 53

True 47

General radiologist 1 DDxScore 1.0–5.00 3.0 (4.0–2.0) 3.0 ± 1.3

General radiologist 2
False 56

True 44

General radiologist 2 DDxScore 1.0–5.00 3.0 (4.0–2.0) 3.0 ± 1.3

GPT5.2 Thinking
False 20

True 80

GPT5.2 Thinking DDxScore 2.0–5.00 4.0 (4.0–3.0) 3.8 ± 0.8

GPT5.2 Instant
False 32

True 68

GPT5.2 Instant DDxScore 2.0–5.00 4.0 (4.0–3.0) 3.7 ± 0.9

GPT5.2 Auto
False 20

True 80

GPT5.2 Auto DDxScore 3.0–5.00 4.0 (5.0–4.0) 4.2 ± 0.7

Gemini 3 Thinking
False 20

True 80

Gemini 3 Thinking DDxScore 2.0–5.00 5.0 (5.0–4.0) 4.2 ± 0.9

Gemini 3 Pro
False 52

True 48

Gemini 3 Pro DDxScore 1.0–5.00 3.0 (5.0–3.0) 3.5 ± 1.1

Claude 4.5 Opus Thinking
False 24

True 76

Claude 4.5 Opus Thinking DDxScore 2.0–5.00 5.0 (5.0–4.0) 4.3 ± 0.9

Claude 4.5 Opus
False 28

True 72

Claude 4.5 Opus DDxScore 3.0–5.00 4.0 (5.0–3.0) 4.2 ± 0.8

DDxScore: Differential Diagnoses Score, SD: Standart Deviation, P: Percentile
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Compared with Jung et al. [14] who evaluated LLMs on pediatric radiology
cases derived from textbook-style descriptions and examined the effect of adding
clinical presentation, our study is narrower (pediatric neuroradiology), uses report-
like structured text authored to mirror clinical reporting, includes seven current
model variants and three radiologist readers, and applies a clinically oriented ordi-
nal DDxScore capturing partial utility beyond top-1 correctness. Likewise, relative
to Abdul Sami et al. [15] who assessed text-based pediatric radiology questions
using binary scoring, we evaluated a more practice-proximate task (open-ended
diagnosis generation from structured reports) and included both human compara-
tors and graded differential quality.

The DDxScore findings are clinically meaningful. Several models frequently
produced differentials that were structured and plausible, sometimes listing the
correct diagnosis even when not chosen as the top answer. In real practice, prompt-
ing consideration of high-stakes alternatives can be valuable for education, triage,
and decision support, provided use remains audited and human-supervised [9].
Mode-dependent performance – higher accuracy and DDxScore in thinking/auto
variants – supports the concept that test-time reasoning structure influences radi-
ology performance [19]. Wind et al. [19] demonstrated that multi-step retrieval
and reasoning can improve radiology question answering; our findings similarly
suggest that deeper deliberation is beneficial for complex diagnostic synthesis in
pediatric neuroradiology.

We would also like to acknowledge the limitations of this study. Firstly, while
fictional structured text-only cases enhance standardization, they may overesti-
mate performance when compared to real-world variability, incomplete histories,
ambiguity, and heterogeneous reporting. Second, training-data opacity prevents
exclusion of distributional overlap, which could inflate performance. Third, the
text-only format omits image interpretation and thus does not generalize to image-
based workflows; radiologists may be disadvantaged without visual pattern recog-
nition. Fourth, results may be sensitive to prompt phrasing, web-interface set-
tings, and model updates. Fifth, DDxScore includes subjective judgment and was
scored by a limited evaluator set; independent scoring and interrater reliability
would strengthen robustness.

Future studies should replicate these findings on real-world pediatric neuro-
radiology cases including images, ideally multicentre and prospectively designed.
Pre-registration of prompts, model versions, and evaluation protocols would im-
prove reproducibility. Future evaluations should assess calibration (uncertainty
vs. correctness), interrater reliability of scoring, and human-in-the-loop outcomes
– i.e., whether LLM assistance improves clinician performance without unsafe
over-reliance.

In conclusion, several LLM variants matched or exceeded radiologists in top-1
diagnosis and differential quality on structured, text-only pediatric neuroradiol-
ogy cases while responding substantially faster. Performance was configuration-
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dependent, with thinking/auto modes outperforming instant variants, supporting
cautious exploration for education and audited decision support pending real-
world image-based validation.
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[4] Güneş Y. C., T. Cesur, E. Çamur et al. (2025) Evaluating text and visual
diagnostic capabilities of large language models on questions related to the Breast
Imaging Reporting and Data System Atlas 5th edition, Diagn. Interv. Radiol., 31(2),
111–129.
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[16] Çamur E., T. Cesur, Y. C. Güneş et al. (2026) The performance of large lan-
guage models in bone tumour imaging: comparative analysis with radiologists using
text and image-based evaluation, C. R. Acad. Bulg. Sci., 79(1), 95–102.

[17] Bossuyt P. M., J. B. Reitsma, D. E. Bruns et al. (2015) STARD 2015: An
updated list of essential items for reporting diagnostic accuracy studies, Clin. Chem.,
61(12), 1446–1452.
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