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Objective: To evaluate the accuracy and reasoning capabilities of large multimodal language models compared with those of
neuroradiology subspecialty-trained radiologists in neuroradiology case interpretation.

Materials and Methods: This experimental study used custom-made 401 radiologic quizzes derived from articles published
in RadioGraphics covering neuroradiology and head and neck topics (October 2020 to February 2024). We prompted the
GPT-4 Turbo with Vision (GPT-4V), GPT-4 Omni, Gemini Flash, and Claude models to provide the top three differential
diagnoses with a rationale and describe examination characteristics such as imaging modality, sequence, use of contrast,
image plane, and body part. The temperature was adjusted to 0 and 1 (T1). Two neuroradiologists answered the same questions.
The accuracies of the large language models (LLMs) and the neuroradiologists were compared using generalized estimating
equations. Three neuroradiologists assessed the rationale provided by the LLMs for their differential diagnoses using four-point
scales, separately for specific lesion locations and imaging findings, and evaluated the presence of hallucinations and the
overall acceptability of the responses.

Results: Top-3 accuracy (i.e., correct answers present among top-3 differential diagnoses) of LLMs ranged from 29.9%
(120 of 401) to 49.4% (198 of 401, obtained with GPT-4V in the T1 setting), while radiologists achieved 80.3% (322 of
401) and 68.3% (274 of 401), respectively (P < 0.001). Regarding the rationale for differential diagnoses, GPT-4V (T1)
accurately identified both the specific lesion location and imaging findings in 30.7% (123 of 401) and 12.9% (16 of 124)
of cases without textual clinical history. Hallucinations occurred in 4.5% (18 of 401), and only 29.4% (118 of 401) of the
LLM-generated analyses were deemed acceptable. GPT-4V (T1) demonstrated high accuracy in identifying the imaging
modality (97.4% [800 of 821]) and scanned body parts (92.2% [756 of 820]).

Conclusion: LLMs remarkably underperformed compared with neuroradiologists and showed unsatisfactory reasoning for their
differential diagnoses, with performance declining further in cases without textual input of clinical history. These findings
highlight the limitations of current multimodal LLMs in neuroradiological interpretation and their reliance on text input.
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LLM Accuracy in Neuroradiology Cases

INTRODUCTION

The rapid development of large language models (LLMs)
has led to significant advancements in natural language
processing, with applications extending beyond general
tasks to specialized fields such as medicine and radiology.
LLMs, such as OpenAlI's Generative Pretrained Transformer
4 (GPT-4), have demonstrated the ability to understand
complex languages and contexts, showing substantial
results in diagnostic performance and generating radiology
reports [1-3]. Multimodal LLMs with vision capabilities,
such as the GPT-4 Turbo with Vision (GPT-4V), which can
process both text and image inputs, have been proposed.
They have demonstrated the ability to solve medical quizzes
with radiologic image inputs, and have shown the potential
to transform radiologic practice by streamlining workflows,
providing clinical decision support, and offering second
opinions on complex cases [3-6].

Despite their notable performance, the effectiveness of
LLMs in interpreting radiological images remains uncertain.
Although LLMs can accurately recognize imaging modalities
and anatomical regions from radiologic images [6-8], several
studies have consistently reported that their diagnostic
accuracy is higher when using text-based inputs than
when using image inputs [9-12]. Moreover, no significant
advantage has been demonstrated with multimodal
inputs over text alone [8,10,13]. Their performance varies
significantly depending on the context and details of the
input, raising concerns regarding their ability to replicate
the nuanced reasoning of human radiologists [6,14].

This challenge highlights the need for a more rigorous
evaluation of LLMs" diagnostic capabilities of LLMs, focusing
on their ability to closely simulate radiologists in clinical
practice, and their rationale for diagnosis. Few studies have
investigated the rationale behind interpreting LLMs" images.
These studies demonstrated that LLMs often fail to identify
or describe key abnormalities in images when using publicly
available open-source or real-world clinical data [8,15,16].

This study assessed the diagnostic accuracy and
interpretative ability of multimodal LLMs in neuroradiology.
We created radiological quizzes derived from RadioGraphics,
a highly respected and educational journal in the field of
radiology, to ensure independence from potential training
data and reduce the risk of overestimating the model
performance [17]. Using these as test datasets, we aimed to
provide a comprehensive assessment of performance of LLMs
by evaluating their accuracy and reasoning underlying their
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differential diagnoses and to compare their accuracy with
that of neuroradiology subspecialty-trained radiologists.

MATERIALS AND METHODS

Approval from the Institutional Review Board was waived
for this experimental study because it did not involve
human subjects. The methodology of our study followed the
Minimum Reporting Items for Clear Evaluation of Accuracy
Reports of Large Language Models in Healthcare (MI-CLEAR-
LLM) [17-19].

Creating Radiologic Quizzes From RadioGraphics

Review articles from the journal RadioGraphics covering
neuroradiology and head & neck topics, published between
October 2020 and February 2024 in RadioGraphics, were
searched on the journal's website (https://pubs.rsna.org/
journal/radiographics). After applying this filter to the
search for ‘neuroradiology’, 55 consecutive articles were
identified. Of these, 21 articles were excluded based on
the following predefined criteria: 1) Tutorial articles on
the technical aspects of neuroradiology (n = 2), 2) Articles
focusing on facial bone imaging (n = 4), and 3) Topics
unrelated to neuroradiology (n = 15). From the remaining
34 articles, 401 radiological quizzes were created for the
independent test dataset. The details of the included and
excluded articles are provided in Supplementary Table 1.

Among the 401 quizzes, 47.6% (191 of 401) were brain
imaging cases derived from 16 articles, 2.7% (11 of 401)
were spine imaging cases from two articles, and 49.6%
(199 of 401) were head and neck cases from 16 articles.
The quizzes contained 821 images, with magnetic resonance
imaging (MRI) being the most common (66.3%, 544 of 821).
Clinical history was not provided in 30.9% (124 of 401) of
cases after removal of imaging findings and diagnoses from
the original figure legends (Table 1).

An experienced radiologist (C.H.S., 13 years of
experience in diagnostic radiology, subspecialty training
in neuroradiology, and 3 years of research experience in
evaluating radiology applications of LLMs), who did not
participate as a human reader, created radiologic quizzes
for the independent test dataset based on figures and
figure legends. The text input for the quizzes consisted of
patients’ clinical information (age, sex, and clinical history)
(Supplementary Table 2). Clinical information was extracted
from the figure legends and any description of imaging
findings or diagnoses was removed. If no usable clinical
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Table 1. Characteristics of the included articles and created
radiologic quizzes

No. (%)
Articles (n = 34)
Brain 16 (47.1)
Spine 2 (5.9)
Head & neck 16 (47.1)
Cases for differential diagnosis (n = 401)
Age, mean + SD, yrs 48.2 + 20.7
Sex
Male 195 (48.6)
Female 142 (35.4)
Not available 64 (16.0)
Topics
Brain 191 (47.6)
Spine 11 (2.7)
Head & neck 199 (49.6)
Textual clinical history
Available 277 (69.1)
Unavailable 124 (30.9)
Total images for imaging information description (n = 821)
MRI 544 (66.3)
CT 243 (29.6)
Ultrasound 2 (0.2)
X-ray 9 (1.1)
Angiography 8 (1.0)
Nuclear medicine 15 (1.8)

SD = standard deviation

history remained after the removal, no clinical history
was provided. The image inputs were extracted from these
articles. A flowchart of the study design is depicted in
Figure 1.

Using LLM for Answering Radiologic Quizzes

LLMs with vision capabilities were used in our study:
GPT-4 Turbo with Vision (GPT-4V; gpt-4-vision-preview)
and GPT-4 Omni (GPT-40; gpt-40-2024-08-06) by
OpenAl, Gemini Flash (gemini-1.5-flash-002, released
September 24, 2024) by Google DeepMind, and Claude
3.0 (claude-3-0pus-20240229) and Claude 3.5 (claude-
3-5-sonnet-20240620) by Anthropic. TO was selected to
produce more deterministic responses, ensuring consistency
in the generated differential diagnoses, whereas T1 was
used to allow for greater variability and potentially broader
diagnostic considerations. GPT-4V, Gemini Flash, and Claude
3.0 were accessed between March 30, 2024, and April 3,
2024. GPT-40 and Claude 3.5 were accessed between July
22, 2024, and July 24, 2024.
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The LLMs were tasked with using a single integrated
prompt that requested both examination characteristic
extraction and differential diagnosis. Specifically, the
LLMs were tasked with providing the top three differential
diagnoses using the created text and image inputs.

Prompts were crafted to provide differential diagnoses by
considering both common and rare diseases, along with a
detailed rationale for each diagnosis. Additionally, prompts
were designed to ensure that the answers provided were not
used in actual clinical practice, minimizing the likelihood
of response rejection. An experienced radiologist (C.H.S.)
checked the differential diagnoses from a single query and
calculated their accuracy. The accuracy was calculated as
both top-3 accuracy and top-1 accuracy. Top-3 accuracy was
defined as correct if the true diagnosis was included among
the three differential diagnoses provided, whereas top-1
accuracy required the true diagnosis to match only the first-
listed differential diagnoses [3].

To evaluate the ability of the LLM to recognize
fundamental imaging information from radiological
images, we performed this assessment using a model that
demonstrated the highest top-3 diagnostic accuracy in
our primary differential diagnosis analysis. This model
was tasked with describing the specific examination
characteristics of each input image, including the
imaging modality, specific sequence, image plane, use of
contrast, and scanned body parts. The imaging modalities
were categorized as MRI, CT, ultrasound, radiography,
angiography, and nuclear medicine. An experienced
radiologist (C.H.S.) reviewed all the images. If specific
examination characteristics could not be confidently
determined from the images, they were excluded from the
corresponding accuracy calculations. Additionally, the model
was prompted to describe the specific lesion location and
relevant imaging findings to further assess its interpretative
capability beyond basic imaging information.

All LLM queries were performed using the Application
Programming Interface (API) access provided by each
vendor. Each quiz question was processed independently
using stateless API calls, without any sequential
interactions or shared session memories between questions.
For prompt development and optimization, we evaluated
the full case set, identified aberrant responses, analyzed the
error patterns, and iteratively refined the prompts. Given
the stateless nature of API calls, this process is distinct
from parameter training or information retention, which
ensures that it does not influence the model’s parameters
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Research articles of neuroradiology from
the journal RadioGraphics between
October 2020 and February 2024 (n = 55)

Exclusion (n = 21)
1) Tutorial articles in technical aspect of neuroradiology
(n=2)

\4

A total of 34 neuroradiology articles

A

401 quizzes consisting of 821 images
* 277 with textual clinical history
124 without textual clinical history

v v

A4

2) Articles focusing on the facial bone imaging (n = 4)
3) Topics not neuroradiology pediatric imaging (n = 8),
Musculoskeletal imaging (n = 2),
Vascular and interventional radiology (n = 1),
Obstetric and gynecologic imaging (n = 1),
Nuclear medicine (n = 1),
Multisystem (n = 2)

Human readers LLMs
Two neuroradiologists * GPT-4V
* One junior faculty * GPT-40
* One fellow * Gemini Flash
* Claude 3.0
* Claude 3.5
\ v

g Highest top-3 accuracy LLM
* GPT-4V (T1)

v -

Accuracy of differential diagnoses
* Three differential diagnoses

Rationale evaluation
* Specific lesion location
* Description of image finding

Accuracy in imaging information
* Modality, sequence, plane,
contrast, location

Fig. 1. Flowchart of the study. LLMs = large language models, GPT-4V = GPT-4 Turbo with Vision, GPT-40 = GPT-4 Omni

or outputs. Details of the prompts are presented in the
Supplement.

Evaluation by Radiologists

To compare the diagnostic accuracy of LLMs and
radiologists, two board-certified neuroradiology
subspecialty-trained radiologists (one junior faculty
member: P.S.S., 3 years of experience in neuroradiology;
one fellow: J.S.K., 2 years of experience in
neuroradiology) provided three differential diagnoses
based on the same texts and images given to LLMs. The
radiologists were blinded to the sources of the cases, which
originated from RadioGraphics. Additionally, the readers
were thoroughly instructed on the guidelines for answering
quizzes: 1) Complete one session with breaks every hour;
2) Prohibited from searching for textbooks or the Internet
during the session. An experienced radiologist (C.H.S.)
checked the answers and calculated the top-3 and top-1
accuracy.

After completing the answering session, two
neuroradiologists (P.S.S. and J.S.K.) scored the LLM-
generated descriptions of the lesion location, imaging
findings, and presence or absence of hallucinations, and
each radiologist evaluated half of the cases. An experienced
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neuroradiologist (C.H.S.) supervised the evaluation. The
goal was to evaluate the ability of the LLM to interpret
radiological images in a manner comparable to that of

a radiologist. Evaluation was conducted on two aspects
using four-point scales: 1) “Did the LLM correctly identify
the specific location of the lesion?” and 2) “Did the LLM
accurately describe the imaging findings?” Specific lesion
locations were categorized as follows: 4 = correct, 3 =
incorrect but identifiable, 2 = incorrect and unidentifiable,
and 1 = not described. Imaging findings were categorized as
follows: 4 = correct, 3 = partially correct, 2 = incorrect, and
1 = not described. The details of the four-point scale used
to evaluate the ability of the LLM to interpret radiological
images are shown in Table 2. If the LLM correctly described
the lesion location and correctly or partially correctly
described the imaging findings, a precise interpretation was
considered. Conversely, if the LLM was incorrect or failed to
describe both lesion location and imaging findings, it was
considered an inaccurate interpretation. Additionally, the
presence of hallucinations unrelated to the lesion location
or imaging findings (e.g., errors in clinical information,
knowledge of the disease, or examination characteristics)
was also assessed. Finally, LLMs' responses that
demonstrated precise interpretation without hallucinations
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Table 2. Four-point scale for evaluating the LLM’s reasoning in interpreting radiologic images

Suh et al.

Point Interpretation Explanation
Specific lesion location
4 Correct Consistent with radiologist’s interpretation
* The response accurately identifies the lesion location and matches the radiologist’s
interpretation
3 Incorrect but identifiable Location present in images
* The response identifies an incorrect lesion location, but the specified location is
visible and can be identified in the images
2 Incorrect and unidentifiable Location absent in images
* The response identifies a lesion location that is incorrect and completely
unidentifiable, with no corresponding structure on the images
1 Not described No lesion location provided

* The response does not provide any lesion location information
Description of imaging findings
4 Correct Consistent with radiologist’s interpretation
* The response accurately identifies all significant imaging findings and aligns closely
with the radiologist’s interpretation
Incomplete or partially consistent with radiologist’s interpretation
* The response correctly identifies some, but not all, imaging findings. It may miss key
imaging findings or provide an incomplete interpretation that only partially consistent
with the radiologist’s interpretation

3 Partially correct

2 Incorrect

Misinterpretation or major discrepancies with radiologist’s interpretation

* The response contains significant errors or reaches a conclusion that significantly
diverges from the radiologist’s interpretation

1 Not described

Text-based result, no imaging interpretation provided

* The response fails to provide any relevant imaging interpretation, instead focusing on
text information. No attempt is made to address the imaging findings

LLM = large language model

were classified as acceptable and defined as composite
metrics (lesion location = 4; imaging findings = 3-4; no
hallucination) [20].

Statistical Analysis

The accuracy of the five LLMs (GPT-4V, GPT-40, Gemini
Flash, Claude 3.0, and Claude 3.5) with two temperature
settings and two human readers (junior faculty and fellow)
was evaluated and compared using generalized estimating
equations to account for repeated measures within the
same cases. The LLM performance was assessed for the
entire dataset and for predefined subgroups, namely, cases
with and without an accompanying textual clinical history.
Statistical analyses were performed using SPSS statistical
software (version 27.0 for Windows; IBM Corp., Armonk, NY,
USA) and MedCalc (version 22.021.; MedCalc Software Ltd,
Ostend, Belgium).
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RESULTS

Diagnostic Accuracy of LLMs and Human Readers

The accuracies of the LLMs and human readers for
differential diagnoses are listed in Table 3. Top-3 accuracy
of the LLMs ranged from 29.9% (120 of 401) to 49.4%
(198 of 401), with GPT-4V (T1) achieving the highest
top-3 accuracy. In the subgroup of cases with textual
clinical history, the accuracy of LLM top-3 increased to
36.1%-61.0% (100-169 of 277), whereas in those without
a clinical history, it dropped to 2.4%-25.0% (3-31 of 124)
(Table 4). The accuracy of the junior faculty was 80.3%
(322 of 401), and that of the fellow faculty was 68.3%
(274 of 401), both of which significantly outperformed all
LLMs (all P < 0.001). Additionally, junior faculty showed
significantly higher accuracy than fellow faculty (P < 0.001).

When considering the accuracy limited to the first
differential diagnosis, the top-1 accuracy of the LLMs
decreased, ranging from 15.7% (63 of 401) to 29.4% (118 of
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Table 3. Accuracy of LLMs and human readers in making differential diagnoses

Top-3 Top-1
LLM or reader Accuracy 95% (I P* pt Accuracy 95% (I P* pt

GPT-4V (T0) 45.9 (184/401)  41.1-50.8  <0.001  <0.001  25.4 (102/401)  21.4-29.9  <0.001  <0.001
(T1) 49.4 (198/401) 44.5-54.3 <0.001 <0.001 27.2 (109/401) 23.1-31.7 <0.001 <0.001
GPT-40 (TO0) 49.1 (197/401) 44.3-54.0 <0.001 <0.001 29.4 (118/401) 25.2-34.1 <0.001 <0.001
(T1) 46.4 (186/401)  41.6-51.3  <0.001  <0.001  26.2 (105/401)  22.1-30.7  <0.001  <0.001
Gemini Flash (T0)  29.9 (120/401)  25.6-34.6  <0.001  <0.001  15.7 (63/401) 12.5-19.6  <0.001  <0.001
(T1)  31.2 (125/401)  26.8-35.9  <0.001 <0.001  16.7 (67/401) 13.4-20.7  <0.001  <0.001
Claude 3.0 (T0) 31.2 (125/401)  26.8-35.9  <0.001 <0.001  19.5 (78/401) 15.9-23.6  <0.001  <0.001
(T2) 31.9 (128/401) 27.5-36.6 <0.001 <0.001 19.2 (77/401) 15.6-23.4 <0.001 <0.001
Claude 3.5 (T0) 40.6 (163/401) 35.9-45.5 <0.001 <0.001 25.4 (102/401) 21.4-29.9 <0.001 <0.001
(T1) 41.9 (168/401)  37.2-46.8  <0.001  <0.001  26.7 (107/401)  22.6-31.2  <0.001  <0.001

Junior faculty 80.3 (322/401) 76.1-83.9 <0.001 59.6 (239/401) 54.7-64.3 0.08

Fellow 68.3 (274/401) 63.6-72.7 <0.001 53.6 (215/401) 48.7-58.4 0.08

Data are percentage values with corresponding numerators and denominators in parentheses.

*P-value for comparison with the junior faculty, 'P-value for comparison with the fellow.

LLM = large language model, CI = confidence interval, GPT-4V = GPT-4 Turbo with Vision, TO = temperature 0, T1 = temperature 1,
GPT-40 = GPT-4 Omni

Table 4. LLM accuracy based on the presence or absence of textual clinical history

With textual clinical history Without textual clinical history

LM Top-3 Top-1 Top-3 Top-1
GPT-4V (T0) 58.5 (162/277) 34.3 (95/277) 17.7 (22/124) 5.6 (7/124)
(T1) 61.0 (169/277) 36.5 (101/277) 23.4 (29/124) 6.4 (8/124)
GPT-40 (T0) 59.9 (166/277) 37.2 (103/277) 25.0 (31/124) 12.1 (15/124)
(T2) 58.8 (163/277) 33.9 (94/277) 18.5 (23/124) 8.9 (11/124)
Gemini Flash (TO) 36.1 (100/277) 19.5 (54/277) 16.1 (20/124) 7.3 (9/124)
(T1) 37.2 (103/277) 19.9 (55/277) 17.7 (22/124) 9.7 (12/124)
Claude 3.0 (T0) 44.0 (122/277) 27.4 (76/277) 2.4 (3/124) 1.6 (2/124)
(T1) 44.0 (122/277) 26.7 (74/277) 4.8 (6/124) 2.4 (3/124)
Claude 3.5 (T0) 52.7 (146/277) 33.2 (92/277) 13.7 (17/124) 8.1 (10/124)
(T2) 53.8 (149/277) 34.7 (96/277) 15.3 (19/124) 8.9 (11/124)

Data are percentage values with corresponding numerators and denominators in parentheses.
LLM = large language model, GPT-4V = GPT-4 Turbo with Vision, TO = temperature 0, T1 = temperature 1, GPT-40 = GPT-4 Omni

401), with GPT-40 (T0) achieving the highest accuracy. In
cases with a textual clinical history, the top-1 accuracy
ranged from 19.5% to 37.2% (54-103 of 277), whereas in
those without a clinical history, it dropped to 1.6%-12.1%
(2-15 of 124). The junior faculty (59.6%, 239 of 401) and
the fellow (53.6%, 215 of 401) significantly outperformed
all LLMs (all P < 0.001). The accuracy of the fellow faculty
was not significantly different from that of the junior
faculty (P = 0.08).

Evaluating LLM’s Rationale for Differential Diagnoses
The rationale for the differential diagnoses was assessed

using GPT-4V (T1), which achieved the highest diagnostic

accuracy. GPT-4V (T1) correctly identified the specific lesion
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location in 35.2% (141 of 401) of cases, while providing an
unidentifiable location from the images in 10.7% (43 of 401)
and no location description in 24.7% (99 of 401). GPT-4V
(T1) correctly described the imaging findings in 30.4%
(122 of 401) and partially correctly described them in
29.2% (117 of 401), imaging findings were omitted entirely,
relying solely on text information in 6.2% (25 of 401).

To evaluate the radiological image interpretation in a
manner similar to that of radiologists, we assessed a matrix
combining lesion location and imaging findings (Fig. 2).
GPT-4V (T1) showed precise interpretation in 30.7% of the
cases (correct location and imaging findings, 17.5% [70 of
401]; correct location and partially correct imaging findings,
13.2% [53 of 401]). In contrast, inaccurate interpretation
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Finding Finding
Correct Partially Incorrect  Not described Correct Partially Incorrect  Not described
correct correct
Location Correct - 13.2 3.0 1.5 Location Correct - 17.7 1.0 2.0
Incorrect but Incorrect but
identifiable 22 oo Ly identifiable Z2Y el o 0.0
Incorrect and Incorrect and
unidentifiable 0.7 0.7 S 05 unidentifiable 1.0 05 1.0 0.0
Not described 10.0 9.2 3.0 25 Not described 16.7 13.6 1.0 3.0
A B
Finding Finding
Correct  ortialy o omect  Not described Correct ety comect  Not described
correct correct
Location Correct 2.0 8.9 4.9 1.0 Location Correct - 15.5 2.5 22
Incorrect but Incorrect but
identifiable 25 7.9 3.4 identifiable 1.8 4.0 1.2 25
Incorrect and Incorrect and
unidentifiable 05 1.0 1 1.0 unidentifiable 0.4 00 & 07
Not described 34 4.9 4.9 2.0 Not described 12.6 11.9 29 3.6
C D
Finding
Correct Partially Incorrect  Not described
correct
Location Correct 4.8 8.1 4.0 0.0
Incorrect but
identifiable g2 o= 0.0
Incorrect and
unidentfiable 0 24 0.0
Not described 4.0 32 3.2 0.0
E

Fig. 2. Matrix evaluation using a four-point scale for specific lesion location and imaging findings to assess GPT-4V's (temperature 1)
reasoning in image interpretation. Yellow squares indicate precise interpretation (describing the correct location and correct/partially
correct imaging findings), and red squares indicate inaccurate interpretation (incorrect or not describing both location and imaging
findings). A: The matrix of overall image interpretation ability shows 30.7% precision and 35.9% inaccuracy. B, C: Matrix for cases with
correct answers shows 51.0% precise interpretation (B) and 63.1% inaccurate interpretation in cases with incorrect answers (C). D: The
matrix in cases using text inputs with clinical history showed a precise interpretation of 38.6%; however, lesion location and imaging
findings were not described in 31.0% and 9.0% of the cases, respectively. E: In cases using text inputs without clinical history, 58.1%

showed inaccurate interpretations.

was observed in 35.9% (144 of 401). Examples of precise
and inaccurate interpretations are shown in Figure 3 and
Figure 4, respectively.

The GPT-4V (T1) showed precise interpretation in 51.0%
(101 of 198) and inaccurate interpretation in 8.1% (16 of 198)
of the cases in which the diagnosis was correct. In cases
with incorrect answers, precise interpretation occurred in
10.8% (22 of 203) and inaccurate interpretation occurred in
63.1% (128 of 203). With clinical history, the precise and
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inaccurate interpretation rates were 38.6% (107 of 277)
and 26.0% (72 of 277), whereas without clinical history,
these rates were 12.9% (16 of 124) and 58.1% (72 of
124), respectively. GPT-4V (T1) omitted lesion location in
31.0% (86 of 277) and imaging findings in 9.0% (25 of
277) of cases when clinical history was available, whereas
omission rates were 10.5% (13 of 124) for lesion location
and 0% for imaging findings when no clinical history was
provided.
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Text input
Age: 27
Sex: Female .
Clinical information: underwent surgical resection and
RT (standard-fractionation type) with temozolomide for
anaplastic pleomorphic xanthoastrocytoma in the right *
temporal lobe 6 months earlier

Image input

[

Output
Names of Three Possible Disease Candidates:

Recurrent anaplastic pleomorphic xanthoastrocytoma
Radiation necrosis
Post-surgical changes/infection

Detailed Rationale for Each Disease:

Recurrent anaplastic pleomorphic xanthoastrocytoma: The
patient has a history of a right temporal lobe anaplastic pleomorphic
xanthoastrocytoma. The Eohitrastenhancementon T ilin a right
temporal lobe could Sliggestablood=brainbarrier disruption, which is
common in tumors, and the Spectroscopy shows a decreased N=acetyll
aspartate (NAA) peak and elevated eholine(Chd), which may indicate
increased cell membrane turnover typical of tumor recurrence.
Radiation necrosis: Given the patient's treatment history including
radiotherapy, radiation necrosis is a differential consideration. It can
mimic tumor recurrence on imaging with contrast enhancement on
T1WI. However, MRS might show a lipid/lactate peak in cases of
necrosis, which is not evidently present here.

Post-surgical changes/infection: These findings could be due to
post-operative changes such as gliosis; however, elevated Cho on
MRS would be less typical in this scenario. If there were significant
perioperative infection, you might expect more edema and potentially
midline shift, which are not obviously seen in these images.

Fig. 3. An example of accurate interpretation by GPT-4V with T1. This radiologic quiz was created based on a study by Katsura et al. [34],
featuring a 27-year-old female patient with a history of surgical resection and radiation therapy with temozolomide for anaplastic
pleomorphic xanthoastrocytoma in the right temporal lobe. The correct diagnosis is “tumor recurrence.” GPT-4V (T1) listed tumor
recurrence as the first differential diagnosis, with correct identification of the specific lesion location and imaging findings. Yellow
highlights indicate the described lesion location, and green highlights indicate imaging findings. GPT-4V = GPT-4 Turbo with Vision,

T1 = temperature 1

Hallucinations were observed in 4.5% of the cases (18 of
401), of which 14 (3.5%) were related to disease knowledge
and four (1.0%) were associated with radiologic knowledge.
The acceptability of the LLM-generated analyses, defined
as cases with precise image interpretation without
accompanying hallucinations, was 29.4% (118 of 401)
(Supplementary Table 3).

Accuracy for Describing Imaging Information

The accuracy of the imaging information was assessed
using the GPT-4V (T1), which achieved the highest diagnostic
accuracy. GPT-4V (T1) showed 97.4% (800 of 821) accuracy
in identifying the imaging modality and 92.2% (756 of 820)
accuracy in identifying the scanned body part. The lowest
accuracy was observed in determining the use of contrast
medium (64.8%, 529 of 816). The accuracy of the imaging
information is shown in Figure 5.

kjronline.org https://doi.org/10.3348/kjr.2025.1045

DISCUSSION

In our study, we evaluated the diagnostic accuracy
of LLMs and their ability to interpret radiologic images
similarly to those of radiologists using radiologic quizzes
created by the journal RadioGraphics. LLMs underperformed
compared to neuroradiology subspecialty-trained
radiologists in terms of both top-3 and top-1 accuracies.
Although LLMs accurately identify radiologic imaging
information from image inputs, their rationale for providing
differential diagnoses in terms of interpreting specific lesion
locations and imaging findings from radiologic images is
unsatisfactory. Their performance decreased further when
text inputs without a patient’s clinical history were used,
and they occasionally failed to describe imaging findings.

Previous studies have evaluated LLMs using open-source
cases from medical journals [3,6,21-23], potentially leading
to data leakage, limiting the test dataset’s independence
from the training data of potential models, and raising
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Text input
Age: 4
Sex: Male
Clinical information: abdominal pain and weight loss

Image input

Output

Names of Three Possible Disease Candidates:
* Neuroblastoma

*  Wilms' tumor

* Non-Hodgkin lymphoma

Detailed Rationale for Each Disease:

* Neuroblastoma: The likelihood score is higher because this is a
common abdominal malignancy in children, and the imaging could
suggest a fiassi(iidicatediby White BffoWSiRIMaGeB). The symptom
of abdominal pain and weight loss matches the presentation of a
patient with neuroblastoma.

e Wilms' tumor: A common renal malignancy seen in young children
that could present with abdominal pain and weight loss. Wilms' tumor
is less likely than neuroblastoma because the imaging does not clearly
show a kidney-based mass, but it can't be ruled out entirely without a
more targeted renal imaging.

* Non-Hodgkin lymphoma: Non-Hodgkin lymphoma in the abdomen
could account for the symptoms the child is experiencing, although it is
less common than the other two conditions in this age group and
typically presents differently. Without clear lymphadenopathy or other
hallmark features, this condition scores lower in likelihood.

Fig. 4. An example of inaccurate interpretation by GPT-4V with T1. This radiologic quiz was created based on an article by Kurokawa et al. [35].

This case features a 4-year-old male patient presenting with symptoms of abdominal pain and weight loss. The correct diagnosis is “ALK-
positive histiocytosis.” GPT-4V (T1) provided abdominal malignancies as differential diagnoses based on the patients’ symptoms, with

incorrect and unidentifiable lesion locations and incorrect imaging findings. Yellow highlights indicate the described lesion location, and
green highlights indicate imaging findings. GPT-4V = GPT-4 Turbo with Vision, T1 = temperature 1

100

Accuracy (%)

Modality =~ Sequence  Contrast Image plane Body part

Fig. 5. Accuracy for describing imaging information using GPT-4V
with temperature 1. GPT-4V = GPT-4 Turbo with Vision

concerns about overestimating performance of LLMs [17].
A notable strength of our study was that we created
radiological quizzes based on cases from RadioGraphics, a
reputable review-focused journal in the field of radiology.
This approach adds value by testing LLMs with cases that
are definitely independent of the model’s training data,
using complex, peer-reviewed cases specifically designed
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for education and professional development in radiology.
These quizzes involved diverse cases that mimicked real
clinical scenarios by including patient age, sex, and relevant
clinical history, while carefully excluding direct imaging
findings or diagnoses to allow LLMs to rely solely on their
interpretative abilities. Additionally, LLMs were asked to
provide three differential diagnoses in an open-ended
format aligned with practical clinical decision making,
where multiple potential diagnoses must be considered.
By requiring LLMs to generate these differential diagnoses
rather than selecting them from multiple choices, our study
provides a more realistic assessment of their diagnostic
capabilities compared to prior studies that primarily focused
on simpler question-answering tasks.

Previous studies have reported that LLMs often struggle
to detect abnormalities and perform multistep reasoning
in radiology, leading to inaccurate or incomplete
interpretations [24-27]. Considering this unreliable vision
capability, we went beyond simply evaluating the accuracy
of the LLMs’ diagnoses by analyzing their reasoning
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processes in depth. We assessed how accurately the LLMs
could identify specific lesion locations and describe imaging
findings from the provided radiologic image inputs using a
four-point scale, allowing us to determine whether the LLMs
were performing like human radiologists or were merely
guessing based on textual input. In our evaluation, GPT-4V
(T1), which achieved the highest diagnostic accuracy among
the LLMs, still struggled with core image-interpretation
tasks, frequently misidentifying lesion locations or imaging
findings, and producing hallucinations. Consequently, fewer
than one-third of responses were considered acceptable.
Similarly, GPT-40 and Gemini 1.5 Pro failed to describe
imaging abnormalities in more than 80% when solving
Diagnosis Please cases from the Radiology journal [8]
and fabricated imaging findings in 62.6% of real-world
cases [16]. These findings emphasize that although LLMs
are becoming increasingly proficient in understanding
radiologic imaging information, they still lack the nuanced
interpretative skills required for precise diagnosis and
decision-making by human radiologists.

In addition, we assessed the impact of clinical history
on the interpretive performance of the LLMs. This study
included cases with incomplete information, specifically
those lacking clinical history after the removal of imaging
findings or diagnoses from the figure legends, to evaluate
the impact of textual input. We found that when clinical
history was included in the text input, GPT-4V (T1) showed
a higher rate of top-3 accuracy and more precise image
interpretation than when clinical history was absent.
However, in some instances, LLMs neglect to describe lesion
location or imaging findings altogether, instead relying solely
on the clinical history provided. This observation suggests
that LLMs tend to overrely on textual input rather than
performing a detailed analysis of the images themselves. This
overdependence on text input aligns with previous reports
indicating that the performance of LLMs, such as GPT-4V,
can vary significantly depending on the nature and amount
of textual data provided [6,28]. A recent meta-analysis
reported that the GPT performed significantly better with
text-based inputs (67.1%) than with text-and-image inputs
(46.5%) [12]. So far, radiologic images alone, without textual
descriptions of imaging findings or medical history, have
yielded markedly low diagnostic performance [8,29]. These
findings highlight the current limitations of LLMs in real-
world clinical practice, where the integration of both clinical
and imaging data is essential for an accurate diagnosis.
Moreover, LLMs are unlikely to replace radiologists.
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Our study has several limitations. First, although we
generated 401 quiz questions based on 34 RadioGraphics
articles, the dataset was limited in size and scope. In
particular, key real-world imaging modalities, such as
angiography, perfusion imaging, and three-dimensional
reconstruction, were not represented because these
imaging types were largely absent from the RadioGraphics
figures used to construct the dataset. This structural
limitation prevented the evaluation of LLM performance on
modalities that are essential in routine clinical decision-
making and may render the study less reflective of real-
world radiological practice. Furthermore, because all the
cases were derived from an educational journal, they may
not fully capture the complexity and variability of routine
radiological practices. Second, we did not apply or assess
diverse prompt strategies, such as chain-of-thought or few-
shot learning, to evaluate their potential impact on the
rationale behind the generated differential diagnoses. While
this absence represents a methodological limitation that
may have underestimated LLM performance, recent studies
suggest that such advanced prompting techniques may not
meaningfully enhance the performance of current multimodal
LLMs in radiological interpretation because of their limited
visual reasoning capabilities and continued reliance on
textual information [30-33]. Third, our study focused on
neuroradiology subspecialty-trained radiologists, which
limits the generalizability of our findings to radiologists
with different levels of expertise or those from other
subspecialties. Moreover, the diagnostic evaluations were
performed in a controlled, retrospective setting rather tha
in real-time clinical workflows. Therefore, the performance
and utility of LLMs in actual clinical environments, where
time constraints, incomplete information, and complex
decision-making processes play critical roles, remain to be
validated. Fourth, although we minimized the risk of data
leakage by directly creating quizzes from RadioGraphics
cases, the figure legends and some text are accessible
online, meaning that the possibility of leakage could not be
completely eliminated. Given that figures may be searchable
via common internet tools and that subscription journal
content can sometimes be accessed through unofficial
routes or publicly posted copies, the risk of leakage may be
greater than assumed. If such leakage occurs, the relatively
low diagnostic performance we observed suggests that the
limitations of current LLMs in radiologic interpretation
may be even more substantial than those demonstrated
in this study. Fifth, one critical consideration is that the

j=)
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LLMs evaluated in our study were not explicitly built or
fine-tuned with a radiology-specific knowledge base or
designed as agents for this task. Therefore, the diagnostic
accuracy and interpretative reasoning observed in this
study should be interpreted with caution because the
evaluated LLMs without radiology-specific fine-tuning may
not have fully demonstrated their true potential for image
interpretation and differential diagnosis. Additionally, our
study did not include a direct comparison with medical
imaging-specialized AI models or radiology-specific LLMs,
which could have provided a more balanced context for
interpreting the performance of general-purpose LLMs.
Further studies should explore the diagnostic capabilities of
LLMs when adapted or fine-tuned specifically for radiology-
related tasks, by incorporating structured radiology datasets
and domain-specific training to enhance reasoning and
interpretative performance. Sixth, the assessment of
repeatability in the LLM responses was not planned a priori
and could not be performed retrospectively because most
proprietary models underwent updates during the study
period. This is a clear methodological shortcoming of this
study. Finally, because this study involved a large number of
comparisons, no multiple comparison correction was applied
in keeping with its exploratory nature, which may have
increased the risk of type I errors and should be considered
when interpreting the results.

In conclusion, LLMs markedly underperformed compared
with neuroradiologists and demonstrated unsatisfactory
reasoning for their differential diagnoses, with performance
declining further in cases without a textual clinical history.
These findings emphasize the limitations of the current
multimodal LLMs in neuroradiological interpretation and
their reliance on textual inputs.
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