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PURPOSE
This study aimed to evaluate the diagnostic accuracy of Chat Generative Pre-trained Transformer 
(ChatGPT) version 4 Omni (ChatGPT-4o) in radiology across seven information input combinations 
(image, clinical data, and multiple-choice options) to assess the consistency of its outputs across 
repeated trials and to compare its performance with that of human radiologists.

METHODS
We tested 129 distinct radiology cases under seven input conditions (varying presence of imaging, 
clinical context, and answer options). Each case was processed by ChatGPT-4o for seven different 
input combinations on three separate accounts. Diagnostic accuracy was determined by compari-
son with ground-truth diagnoses, and interobserver consistency was measured using Fleiss’ kappa. 
Pairwise comparisons were performed with the Wilcoxon signed-rank test. Additionally, the same 
set of cases was evaluated by nine radiology residents to benchmark ChatGPT-4o’s performance 
against human diagnostic accuracy.

RESULTS
ChatGPT-4o’s diagnostic accuracy was lowest for “image only” (19.90%) and “options only” (20.67%) 
conditions. The highest accuracy was observed in “image + clinical information + options” (80.88%) 
and “clinical information + options” (75.45%) conditions. The highest interobserver agreement was 
observed in the “image + clinical information + options” condition (κ = 0.733) and the lowest was 
in the “options only” condition (κ = 0.023), suggesting that more information improves consistency. 
However, there was no effective benefit of adding imaging data over already provided clinical data 
and options, as seen in post-hoc analysis. In human comparison, ChatGPT-4o outperformed radiol-
ogy residents in text-based configurations (75.45% vs. 42.89%), whereas residents showed slightly 
better performance in image-based tasks (64.13% vs. 61.24%). Notably, when residents were al-
lowed to use ChatGPT-4o as a support tool, their image-based diagnostic accuracy increased from 
63.04% to 74.16%.

CONCLUSION
ChatGPT-4o performs well when provided with rich textual input but remains limited in purely im-
age-based diagnoses. Its accuracy and consistency increase with multimodal input, yet adding im-
aging does not significantly improve performance beyond clinical context and diagnostic options 
alone. The model’s superior performance to residents in text-based tasks underscores its potential 
as a diagnostic aid in structured scenarios. Furthermore, its integration as a support tool may en-
hance human diagnostic accuracy, particularly in image-based interpretation.

CLINICAL SIGNIFICANCE
Although ChatGPT-4o is not yet capable of reliably interpreting radiologic images on its own, it 
demonstrates strong performance in text-based diagnostic reasoning. Its integration into clinical 
workflows—particularly for triage, structured decision support, or educational purposes—may 
augment radiologists’ diagnostic capacity and consistency.
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Artificial intelligence (AI) has emerged 
as a transformative tool in radiology. 
It offers the potential to organize di-

agnostic workflows, improve clinical deci-
sion-making, and reduce workload on radiol-
ogists. Among the different AI tools, large 
language models (LLMs), such as OpenAI’s 
Chat Generative Pre-trained Transformer 
(ChatGPT), have shown marked capabilities 
in the medical field; for example, they can 
assist students in passing medical examina-
tions and can support clinical decision-mak-
ing.1 In radiology, early applications of 
ChatGPT (ChatGPT-3.5 and 4) are variable and 
include activities such as data mining, struc-
turing radiology reports, and answering text-
based board-like examination questions.2,3 A 
recent study showed that ChatGPT-4 outper-
formed the previous version (ChatGPT-3.5) 
on written radiology questions.4 One of the 
latest updates of ChatGPT, ChatGPT-4 with 
vision (ChatGPT-4V), added the capability to 
evaluate images, which draws attention to 
applying this feature in radiological image 
interpretation. However, there have been 
few studies about ChatGPT-4V’s accuracy 
in radiological image interpretation. Initial 
findings suggest that there is a considerable 
performance gap between the evaluation 
of images and the accomplishment of text-
based tasks.2,5

ChatGPT was originally developed as 
a text-based model. With the release of 
ChatGPT-4V, it gained the ability to interpret 
visual inputs. This became a turning point, 
as the model was able to process and ana-
lyze medical images along with clinical data. 
Multimodal functionality allows ChatGPT 
to open new opportunities for integration 
into radiology workflows and is prompting 

researchers to evaluate its diagnostic perfor-
mance.

Although numerous studies report high 
diagnostic accuracy (>80%) for LLMs in text-
based tasks,1,6 only a limited number have 
demonstrated comparable performance in 
image-based scenarios; even then, this has 
been under highly controlled conditions, 
such as narrow diagnostic targets and opti-
mized prompts.7 Conversely, many investiga-
tions have highlighted major limitations in 
“image only” scenarios, particularly in com-
plex modalities, such as brain magnetic res-
onance imaging (MRI), where performance 
drops markedly in the absence of clinical 
context.4,8 Studies evaluating ChatGPT-4V 
against radiologists have revealed mixed 
outcomes, with some reporting comparable 
accuracy, whereas others found substantial 
underperformance by the model.9,10 This 
variability underscores the importance of in-
put structure in multimodal tasks.

A growing body of literature emphasizes 
that prompt design, including differential 
diagnoses, clinical details, and structured 
questions, greatly influences LLM output.11,12 
This variability raises concerns regarding 
reproducibility and reliability in diagnostic 
settings, where standardization is critical.3,13 
Taken together, current evidence suggests 
that LLM performance in radiologic diagno-
sis is highly dependent on how and what 
information is provided. However, most prior 
studies have focused on isolated scenarios 
or specific modalities, without systematically 
comparing different input combinations un-
der controlled conditions.14,15 Our study ad-
dresses this gap by evaluating the diagnos-
tic accuracy and consistency of ChatGPT-4 
omni (ChatGPT-4o) across seven distinct 
input formats, ranging from image-only to 
full contextual prompts with multiple-choice 
options.

This study evaluates the diagnostic accu-
racy and consistency of ChatGPT-4o across 
varying structured input combinations and 
compares its performance with radiology 
residents under matched conditions. This 
benchmark is essential to contextualize the 
model’s capabilities relative to human exper-
tise and assess its potential clinical applica-
bility.

Methods

Study designs and objective

This study aimed to evaluate ChatGPT-4o’s 
diagnostic decision-making about radiologi-
cal images and its potential role in real-life 

diagnoses when provided with clinical in-
formation and differential diagnosis options. 
The objective was to investigate the radio-
logical images’ contribution in ChatGPT-4o’s 
decision-making process and to understand 
the possible integration of ChatGPT for daily 
radiological tasks and workflows. An over-
view of the workflow is presented in Figure 1. 
Ethics committee approval was not required, 
as the study did not involve patient data or 
identifiable personal information. The partic-
ipation of radiology residents was conducted 
in an educational setting and did not involve 
any intervention or collection of sensitive 
data. Informed consent was obtained from 
all participants prior to data collection. This 
study was conducted in compliance with the 
Minimum Reporting Items for Clear Evalua-
tion of Accuracy Reports of LLMs in health-
care guidelines.16

Dataset

A total of 129 radiology cases were se-
lected from two publicly available, peer-re-
viewed sources: the New England Journal 
of Medicine (NEJM) Image Challenge and 
the Radiological Society of North America 
(RSNA) Case Collection.17,18 The NEJM cases 
that matched the study format and included 
a radiological image were included in full. 
From the RSNA Case Collection, only cases 
published in 2023 that followed the same 
format were selected. The inclusion criteria 
required the presence of a diagnostic-quality 
radiological image (in single-slice static JPEG 
format) and a clearly defined radiologic di-
agnosis. Cases were excluded if they lacked 
radiological imaging (e.g., pathological or 
macroscopic photographs), if the diagnosis 
was uncertain, or if the case format did not 
conform to the five-option multiple-choice 
structure. Both sources were chosen for 
their educational value, structured content, 
and diagnostic clarity. The resulting data-
set was designed to reflect a diverse range 
of real-world clinical scenarios rather than 
stylized board-examination questions. A de-
tailed breakdown of cases by imaging mo-
dality and anatomical system is available in 
Supplementary Material 1.

Experimental setup and prompt design

To evaluate the impact of varying prompt 
components on the diagnostic performance 
of a large multimodal language model 
(ChatGPT-4o), a systematic prompt engineer-
ing framework was implemented inspired by 
recent studies on multimodal AI in radiolo-
gy.2,11 A total of 129 radiological cases were 
compiled, each consisting of three main ele-

Main points

•	 Chat Generative Pre-trained Transformer 
version 4 Omni (ChatGPT-4o) achieved the 
highest diagnostic accuracy when clinical 
information and diagnostic options were 
provided and the lowest in the “image only” 
condition.

•	 Interobserver consistency improved with 
richer input combinations but was minimal 
in the “options only” setting, indicating a 
near-random output.

•	 Adding radiologic images to an already 
informative clinical prompt did not signifi-
cantly enhance accuracy, highlighting cur-
rent limitations in image interpretation.

•	 Compared with radiology residents, 
ChatGPT-4o outperformed humans in text-
based tasks, whereas residents maintained 
an advantage in image-only diagnoses.
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ments: a diagnostic-quality radiology image, 
structured clinical information, and five mul-
tiple-choice diagnostic options with a single 
correct answer. For each case, seven distinct 
prompt types were constructed by present-
ing the model with different combinations of 
these elements: 

1. Radiological image only

2. Clinical information only

3. Differential diagnosis options only

4. Radiological image + clinical informa-
tion

5. Radiological image + diagnostic op-
tions

6. Clinical information + diagnostic op-
tions

7. Radiological image + clinical informa-
tion + diagnostic options

Each of these seven combinations was 
queried using ChatGPT-4o, accessed via the 
ChatGPT web interface (version released 
April 2024). 

To explore how different types of input 
influence diagnostic performance, seven 
distinct prompt configurations were de-
signed by selectively combining radiologi-
cal images, clinical context, and diagnostic 
options. Each combination was chosen to 
isolate specific aspects of the model’s rea-
soning process. For example, the “image 
only” prompt evaluates pure visual interpre-
tation, whereas the “clinical only” prompt 
focuses on text-based decision-making. The 
“options only” condition was included to ex-
amine how the model performs without any 

contextual information, relying solely on its 
internal knowledge and prior associations 
between disease names. This also helps re-
veal whether certain choices are favored due 
to frequency bias or random selection, offer-
ing a useful reference point for interpreting 
improvements seen in more informed con-
ditions. Additionally, combinations of these 
inputs examine how multimodal integration 
affects performance. Together, these config-
urations allow for a structured comparison 
of how each input type contributes to both 
accuracy and consistency.

Prompts were automatically generated 
and submitted sequentially via a controlled 
Python-based interface. In all scenarios, the 
model was instructed to either choose the 
best-fitting diagnosis or provide a diagnostic 
decision based on the given input. The same 
base prompt format (e.g., “You will be provid-
ed with a radiologic image and associated 
clinical information. Based on both inputs, 
determine the most likely diagnosis...”) was 
used to maintain consistency across condi-
tions. No prompt engineering was performed 
beyond standardization for content structure 
and clarity. All interactions were conducted 
using the default ChatGPT interface settings, 
including default temperature and sampling 
parameters. All designed prompts are listed 
in Supplementary Material 2. The model was 
instructed to base its answers only on the 
information provided in each prompt. For 
each prompt, the model responded (Figures 
2-5). The answers were then reviewed, and a 
record was made of whether the answer was 
correct. The model answered each question 
without knowledge of whether the previous 
answers were correct or not. All prior case 
context was then discarded before proceed-
ing to the next prompt. Thus, the model was 
designed to approach each question inde-
pendently. This design allowed for the isolat-
ed assessment of each input component’s in-
fluence on diagnostic accuracy and ensured 
methodological reproducibility across all 
prompt combinations.

Repetition and observer simulation

First, to evaluate interobserver variability, 
all case combinations were submitted inde-
pendently using three different ChatGPT-4o 
accounts, each accessed via a distinct com-
puter and browser instance to eliminate any 
session overlap or caching artifacts. This re-
sulted in a total of 2,709 model-generated 
responses (129 cases × 7 combinations × 3 
accounts).

Answers were recorded as either correct 
(+) or incorrect (–), based on the alignment of 

Figure 1. Flowchart of the study. MCQ, Multiple Choice Question; NEJM, New England Journal of Medicine; 
RSNA, Radiological Society of North America; GPT-4o, Generative Pre-trained Transformer 4 Omni.
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the model’s final answer with the reference 
diagnosis provided in the source case materi-
al. In cases where multiple plausible answers 
were generated, responses were marked in-
correct if the correct answer was not unam-
biguously prioritized.

Diagnostic comparison with radiology res-
idents

To assess the performance of ChatGPT-
4o, a supplementary analysis was conducted 
involving radiology residents to provide a 
benchmark for human diagnostic perfor-
mance. Specifically, nine residents (post-
graduate year 3 or 4 level) were recruited 
and randomly divided into three separate 

groups, each assigned to one of the follow-
ing input configurations: (1) image + op-
tions, (2) clinical information + options, and 
(3) image + clinical information + options. 
Among the seven configurations tested with 
ChatGPT-4o, only three were selected for hu-
man comparison, as these represented clin-
ically meaningful scenarios; configurations 
lacking diagnostic options were excluded 
due to their anticipated low accuracy and 
limited comparative value. Each participant 
independently reviewed the same set of 129 
cases in their assigned condition and submit-
ted their diagnostic answers. In the second 
round (conducted 1 week later), they were 
allowed to use ChatGPT-4o as a supportive 

tool and could revise their answers accord-
ingly. This comparison is intended to explore 
the baseline performance of trained human 
readers and the potential additive value of 
LLM-generated input. 

Data recording and analysis

All responses were manually recorded 
in structured Microsoft Excel spreadsheets 
(Microsoft Corporation, Redmond, WA, USA) 
by the research team. The accuracy rate (%)  
for each combination and account was  
calculated.

Statistical analysis

Descriptive statistics were used to cal-
culate the mean diagnostic accuracy across 
all input combinations and ChatGPT-4o ac-
counts. The distribution of variables was as-
sessed with the Shapiro–Wilk test, revealing 
non-normal distributions for all combina-
tions. For this reason, non-parametric tests 
were employed for further analysis. Fleiss’ 
kappa was used to evaluate interobserver 
agreement across the three independent 
ChatGPT-4o accounts for each input com-
bination. Pairwise comparisons between 
combinations were conducted using the 
Wilcoxon signed-rank test. All analyses were 
performed using the SPSS version 27.0 (IBM, 
USA) package, and statistical significance 
was set at P < 0.05.

Results
A descriptive analysis of diagnostic accu-

racy across the three independent ChatGPT-
4o accounts revealed different patterns 
based on the type and combination of in-
put information (Table 1). The lowest mean 
accuracies were observed when the mod-
el was presented with diagnostic options 
alone (20.67%) and with “image only” inputs 
(19.90%). In contrast, performance signifi-
cantly improved with the inclusion of mul-
tiple input types. The “clinical information 
+ options” configuration achieved a mean 
accuracy of 75.45%, whereas the “image + 
clinical information + options” combination 
yielded the highest overall performance 
at 80.88%. Accuracy scores were relatively 
consistent across accounts, indicating stable 
model behavior when sufficient contextu-
al information was available. These results 
highlight the importance of multimodal in-
put for maximizing diagnostic accuracy and 
reliability in LLMs within radiology.

To determine the distribution characteris-
tics of the diagnostic accuracy data, the Sha-
piro–Wilk test was performed on case-level 

Figure 2. ChatGPT-4o query for the “image only” condition. No clinical information or answer options are 
provided. MRI, magnetic resonance imaging; CSF, cerebrospinal fluid; T2-weighted, T2-weighted imaging.
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mean accuracy scores for each of the seven 
input combinations. The results revealed that 
none of the distributions conformed to nor-
mality (all P < 0.001). This finding supports 
the use of non-parametric statistical meth-
ods, such as Fleiss’ kappa and the Wilcoxon 
signed-rank test, for further analyses.

To assess interobserver consistency 
across different ChatGPT-4o accounts, Fleiss’ 
kappa was calculated for each input com-
bination (Table 2). The interobserver agree-
ment varied considerably, with the highest 
consistency observed in the “image + clinical 
+ options” condition (κ = 0.733), indicating 
substantial agreement. Conversely, the “op-
tions only” condition resulted in the lowest 
agreement (κ = 0.023), suggesting high vari-
ability in model outputs when contextual 

information was not provided. Intermediate 
levels of agreement were seen in the “image 
+ clinical” (κ = 0.606) and “image + options” (κ 
= 0.652) groups. These findings further em-
phasize the stabilizing effect of rich contex-
tual input on the model’s behavior.

Post-hoc comparisons using Wilcoxon 
signed-rank tests revealed statistically signif-
icant differences in diagnostic accuracy be-
tween most input combinations (P < 0.001) 
(Figure 6). Both “image only” and “options 
only” configurations performed significant-
ly worse than any multimodal combination. 
No statistically significant difference was 
observed between “image + clinical” and “im-
age + options” (P = 0.051) or between “clinical 
+ options” and “image + clinical + options” (P 
= 0.058), indicating diminishing marginal 

returns from image inclusion when com-
prehensive clinical context and differential 
options are already available. Together, these 
results emphasize the dominant contribu-
tion of clinical information and the synergis-
tic value of multimodal input in enhancing 
diagnostic accuracy and reproducibility of 
LLM-driven image interpretation.

Although these results reflect intramod-
el variability, human-level diagnostic per-
formance was further assessed for context. 
A benchmarking analysis was conducted 
involving nine radiology residents across 
the same 129-case dataset, grouped by in-
put condition (Figure 7). Given the explor-
atory nature and limited size of the human 
comparator group, statistical inference was 
intentionally avoided to prevent overinter-
pretation. In the “image + options” scenario, 
the mean accuracy of residents (63.04%) was 
marginally higher than that of ChatGPT-4o 
(61.24%), suggesting that human readers 
retain a slight advantage in visual interpre-
tation. However, when residents had access 
to ChatGPT-4o’s image-based outputs, their 
accuracy improved markedly to 74.16%, 
indicating a clear benefit from AI-assisted 
interpretation. In the “clinical information 
+ options” condition, ChatGPT-4o substan-
tially outperformed the residents (75.45% 
vs. 42.89%). When residents were allowed 
to use ChatGPT-4o before answering, their 
performance rose significantly (74.93%), 
almost matching that of the model. In the 
full-input configuration (image + clinical + 
options), ChatGPT-4o again outperformed 
the resident group (80.88% vs. 71.57%), and 
the combination of both yielded the highest 
accuracy overall (83.47%). In all input combi-
nations, ChatGPT-4o access provided signifi-
cant benefit to residents, especially in struc-
tured clinical decision-making scenarios.

Discussion
The findings of this study provide several 

key insights into the diagnostic capabilities 
and limitations of LLMs, particularly ChatGPT-
4o, within the context of radiological image 
interpretation. First, diagnostic performance 
was found to be remarkably limited when the 
model was presented with radiological imag-
es or diagnostic options in isolation. The “im-
age only” and “options only” combinations 
resulted in the lowest mean accuracies, at 
19.90% and 20.67%, respectively. In contrast, 
the inclusion of clinical information led to a 
marked improvement in performance, espe-
cially when paired with diagnostic options. 
This pattern may reflect the inherent design 
of instruction-tuned LLMs, which perform 

Figure 3. ChatGPT-4o query for radiological image + clinical information condition. No options are given.

ChatGPT-4o, Chat Generative Pre-trained Transformer; MRI, magnetic resonance imaging.
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best when decision space is constrained and 
explicitly framed. This relationship between 
input structuring and model performance 
is further illustrated when examining how 
different combinations interact. Although 
adding clinical information to the “image + 
options” condition significantly improved 
accuracy, the reverse scenario—adding im-
ages to the “clinical information + options” 
setting—did not yield a statistically signifi-
cant gain. This asymmetry may indicate that 
ChatGPT-4o derives proportionally more di-
agnostic value from structured textual data 
than from single-slice imaging inputs, con-
sistent with its language-dominant architec-
ture. Furthermore, although a ceiling effect 
may have limited further gains in the “clinical 

information + options” setting, the findings 
suggest that ChatGPT-4o’s ability to interpret 
radiologic images independently remains 
limited. Accuracy was lowest with “image 
only” input, and adding images to text-based 
prompts did not yield significant improve-
ments. These results indicate that the model 
relies more on structured text than on visual 
reasoning, which may be restricted by cur-
rent architectural constraints. 

Interobserver agreement analyses 
demonstrated that the highest Fleiss’ kappa 
scores were observed in multimodal combi-
nations, particularly when clinical informa-
tion and diagnostic options were included. In 
contrast, scenarios lacking a clinical context 

demonstrated poor reproducibility across 
different accounts. Interestingly, although 
the addition of radiological images to the 
“clinical information + options” input did not 
improve accuracy, it did enhance interob-
server agreement. This suggests that image 
input, although not increasing correctness, 
may contribute to more consistent model 
behavior across different interactions, there-
by stabilizing diagnostic output when the 
clinical context is already rich. 

As part of this study, we also conducted 
a supplementary analysis involving radiol-
ogy residents to contextualize the perfor-
mance of ChatGPT-4o. Doing so allowed for 
indirect insights into question difficulty, the 
impact of image and clinical information on 
decision-making, and the presence of guid-
ing clinical hints embedded in the cases. 
Residents demonstrated relatively stronger 
performance in image-provided scenarios, 
reflecting their visual training and possible 
reliance on pattern recognition developed 
through clinical exposure; this contrasted 
with ChatGPT-4o, which performed partic-
ularly well on text-based tasks when clini-
cal information was provided, likely due to 
its broad access to medical knowledge and 
its advanced capacity for textual reasoning. 
When residents were allowed to consult 
ChatGPT during interpretation, their accu-
racy improved further, especially when all 
inputs—images, clinical context, and diag-
nostic options—were available. Interesting-
ly, in the “image + options” configuration, 
residents assisted by ChatGPT were able 
to outperform the model itself, whereas in 
other combinations, they barely matched its 
performance. This observation suggests that, 
at their current stage, LLMs may enhance 
human diagnostic accuracy in visually an-
chored tasks by offering auxiliary reasoning 
pathways or differential diagnosis support, 
rather than serving as standalone diagnos-
ticians. 

Although the presence of implicit diag-
nostic cues in clinical descriptions (common-
ly referred to as the “hint effect”) may have 
contributed to the model’s performance, this 
alone is unlikely to account for the substan-
tial gap observed between the model and 
human readers, as radiology residents would 
also notice these cues. The markedly higher 
accuracy of ChatGPT-4o compared with res-
idents in the “clinical information + options” 
scenario (75.45% vs. 42.79%) suggests that 
the model may be leveraging subtle linguis-
tic patterns that elude human interpretation, 
as noted by earlier studies.19

Figure 4. ChatGPT-4o query for clinical information + diagnostic options condition. No image is given. 
ChatGPT-4o, Chat Generative Pre-trained Transformer.
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Consistent with prior research, our study 
found that the combination of clinical in-

formation and diagnostic options yielded 
relatively high diagnostic accuracy among 

the tested input configurations, whereas 
the addition of radiological images to this 
setting did not lead to a significant improve-
ment. This outcome mirrors the findings of 
Li et al.2, who reported enhanced diagnostic 
performance when clinical context was add-
ed to imaging input. Similarly, Güneş et al.20 
and Horiuchi et al.21 observed substantially 
higher accuracy in text-based tasks than in 
image-based ones, highlighting the model’s 
reliance on structured language. Elek et al.22 
also demonstrated that although ChatGPT 
could recognize anatomical structures on 
computed tomography and MRI scans, its 
diagnostic accuracy remained low in the 
absence of guiding clinical information. 
These findings suggest that when structured 
textual context is available, visual input 
contributes only marginally to the model’s 
decision-making process. Collectively, this 
evidence supports the presence of a text-bi-
ased processing pattern in current LLMs and 
underscores their suitability for structured 
clinical reasoning tasks, particularly those 
involving multiple-choice formats. More-
over, other studies have reported high ac-
curacy rates in text-based radiology tasks 
that incorporate imaging findings as written 
input.21,23,24 Nevertheless, this strength does 
not generalize to all text-based formats. For 
instance, Sonoda et al.25 compared ChatGPT-
4o, Claude 3 Opus, and Gemini 1.5 Pro, and 
found that ChatGPT-4o performed poorly 
compared with Claude 3 Opus, even when 
provided with richly structured radiology 
findings. Similarly, studies by Fervers et al.26 
and Perchik et al.27 have shown low model 
performance in narrative or open-ended 
scenarios, indicating that LLM effectiveness 
in radiology is strongly influenced by task 
design, question format, and the structure of 
the input prompt.

While the addition of radiological imag-
es did not significantly enhance diagnostic 
accuracy, our findings revealed a notable 
improvement in interobserver agreement 
with the inclusion of visual input. This sug-
gests that image data, although insufficient 

Figure 5. ChatGPT-4o query with radiological images, clinical information, and diagnostic options provided. 

ChatGPT-4o, Chat Generative Pre-trained Transformer.

Table 1. Accuracy rates of distinct accounts for each of the different input combinations

Input combination Account1 Account2 Account3 Average

Radiological image 19.38% 17.05% 23.26% 19.90%

Clinical information 41.86% 42.64% 49.61% 44.70%

Diagnostic options 10.85% 31.01% 20.16% 20.67%

Radiological image + clinical information 53.49% 50.39% 54.26% 52.71%

Radiological image + diagnostic options 59.69% 62.02% 62.02% 61.24%

Clinical information + diagnostic options 72.87% 76.74% 76.74% 75.45%

Radiological image + clinical information + diagnostic options 80.62% 79.07% 82.95% 80.88%
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to improve accuracy, may help stabilize the 
model’s internal decision processes across 
repeated runs. In our study, Fleiss’ kappa 
scores were consistently higher in multimod-
al settings that combined images with clin-
ical information and diagnostic options, in-
dicating greater consistency across different 

model instances. Similarly, Schramm et al.11 
reported that ChatGPT-4V produced more 
consistent responses in complex neuroimag-
ing tasks when prompted with images sup-
ported by textual annotations. In contrast, 
Krishna et al.3 found that repeated prompts 
with identical text-only input often yielded 

inconsistent outputs; however, they lacked 
investigations into image-included inputs. 
To our knowledge, this study is among the 
first to examine intramodel consistency sys-
tematically in a radiologic diagnostic setting.

Several studies have utilized open-access 
radiology datasets to evaluate LLM perfor-
mance,4,28,29 raising the question of wheth-
er high accuracy in certain settings reflects 
genuine reasoning or simple memorization. 
In our study, the consistently low diagnostic 
accuracy in the “image only” condition—de-
spite the use of publicly available cases—
combined with the marked improvement 
following the addition of clinical context, 
strongly argues against memorization. These 
findings support the view that ChatGPT-4o 
relies on contextual understanding rather 
than the retrieval of previously encountered 
content.

Our comparative analysis involving ra-
diology residents provided additional in-
sight into the complementary strengths of 
human expertise and LLM-based diagnostic 
reasoning. Human readers outperformed 
the model in “image only” tasks, likely due to 
their training in visual pattern recognition—
an area where current LLMs still fall short. 
Horiuchi et al.21 similarly found that ChatGPT 
did not reach the performance level of either 
residents or board-certified radiologists in 
challenging neuroradiology cases, consis-
tent with our findings. Notably, our study 
also showed that ChatGPT-4o, when used as 
a supportive tool, improved the diagnostic 
accuracy of residents. In contrast, Mukherjee 
et al.4 reported no significant benefit when 
ChatGPT-4V was used to support human 
readers. This discrepancy may be explained 
by methodological differences; their study 
employed an earlier, less capable version of 
the model and included a smaller number 
of diagnostic cases, which may have limited 
statistical power to detect performance im-
provements.

Our study did not formally stratify ques-
tion difficulty; however, the heterogeneous 
nature of our dataset inherently encom-
passed a wide range of case complexity. We 
did not label individual items as “easy” or 
“difficult”; however, the diagnostic accuracy 
achieved by radiology residents offers an in-
direct measure of relative difficulty. Recent 
studies have emphasized that LLMs, includ-
ing ChatGPT-4 variants, tend to perform sub-
stantially worse on complex or ambiguous 
cases. For example, Horiuchi et al.21 reported 
significantly reduced LLM performance in 
challenging diagnostic tasks, highlighting 

Table 2. Interobserver agreement rates between accounts

Input combination Fleiss’ kappa

Radiological image 0.497

Clinical information 0.613

Diagnostic options 0.023

Radiological image + clinical information 0.606

Radiological image + diagnostic options 0.652

Clinical information + diagnostic options 0.540

Radiological image + clinical information + diagnostic options 0.733

Notes: The Fleiss’ kappa table shows interobserver variability for different input combinations. Substantial agreement 
is seen in the “radiological images + clinical information + options” combination.

Figure 6. Wilcoxon signed rank test results for post-hoc pairwise comparisons. R, radiological image; C, 
clinical information; O, diagnostic options. Green: statistically significant (P < 0.05); Red: not significant.

Figure 7. Mean diagnostic accuracy (%) of radiology residents, ChatGPT-4o, and residents with access to 
ChatGPT-4o responses (“wChatGPT”) across three input configurations: “radiological image + diagnostic 
options,” “clinical information + diagnostic options,” and “radiological image + clinical information + 
diagnostic options.” ChatGPT-4o outperformed residents in all settings except the “image only” evaluation, 
where residents had a slight advantage. In all conditions, residents showed a marked improvement when 
aided by ChatGPT-4o responses. ChatGPT-4o, Chat Generative Pre-trained Transformer.
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persistent limitations under cognitive strain. 
Similarly, Bhayana et al.1 identified question 
complexity as a key determinant of model 
accuracy. Some authors have further sug-
gested that model performance can be opti-
mized by adjusting temperature settings and 
prompt design strategies in accordance with 
question difficulty.30 Collectively, these find-
ings underscore the need for future bench-
marking efforts to incorporate standardized 
complexity metrics to better evaluate LLM 
capabilities across varying levels of clinical 
challenge.

In comparison with prior literature, our 
study makes a unique contribution by sys-
tematically evaluating ChatGPT-4o’s diag-
nostic accuracy across seven controlled input 
combinations and three independent repeti-
tions. Unlike previous studies that focused on 
narrow clinical scenarios or language-specif-
ic settings, our methodology deliberately 
isolated each input type and assessed repro-
ducibility through repeated testing.4,25 This 
design enabled a comprehensive evaluation 
of both diagnostic performance and output 
consistency, alongside a direct human com-
parison. Additionally, we included an input 
configuration containing only diagnostic 
options, without clinical context or image in-
put. In contrast to our main input types, this 
allowed us to observe frequency bias and 
random selection tendencies in the model’s 
decision-making indirectly—an aspect that, 
to our knowledge, has not been systemati-
cally explored in prior LLM-radiology studies. 
Moreover, none of the prior studies has made 
a post-hoc analysis regarding the inclusion of 
visual data input to already-provided clinical 
information and answer options. As a subtle 
but important difference, our study found 
that the addition of image data to clinical 
information and diagnostic options input 
did not improve accuracy; this contrasts with 
some prior assumptions suggesting that 
multimodal inputs would enhance perfor-
mance, and, thus, offers a more nuanced un-
derstanding of ChatGPT’s current limitations. 

Overall, these findings highlight that al-
though LLMs currently show strong poten-
tial in text-based reasoning tasks, their ability 
to interpret radiologic images independently 
remains limited. Although prior studies have 
reported mixed results regarding their role 
in radiologic decision-making, particular-
ly in multimodal settings, it is evident that 
these models are still in the early stages of 
adapting to the complexities of visual diag-
nostic reasoning. As such, they may be more 
appropriately positioned as assistive tools, 
rather than autonomous diagnostic agents. 

Several studies have suggested that LLMs 
can be beneficial when incorporated into 
structured decision-support systems, where 
clinical context is clearly defined and human 
oversight is preserved.2,14,28 However, their di-
agnostic precision declines markedly in the 
absence of textual input, reflecting a strong 
reliance on language-based information. 
This dependency raises important concerns 
about the safety, reproducibility, and clinical 
applicability of these models in radiological 
practice.

This study has several notable strengths. 
First, it employed a comprehensive and con-
trolled experimental design that system-
atically evaluates ChatGPT-4o’s diagnostic 
performance across seven different input 
combinations. This allowed us to assess not 
only diagnostic accuracy but also how the 
model responds to varying levels of con-
textual information. Second, by using three 
independent accounts for each scenario, 
we were able to measure interobserver vari-
ability, a rarely addressed aspect in previous 
LLM-focused radiology research. Third, the 
use of peer-reviewed multiple-choice di-
agnostic radiology questions enhances the 
clinical validity of our findings. Notably, to 
our knowledge, this is the first study to as-
sess a prompt configuration that includes 
only diagnostic options, without accompa-
nying clinical or imaging data, in the context 
of LLM performance in radiology. Finally, the 
study was designed and reported in accor-
dance with the Minimum Information about 
Clinical Artificial Intelligence Modeling-LLM 
checklist,16 ensuring methodological rigor, 
transparency, and alignment with emerging 
standards in LLM evaluation. 

Nevertheless, this study has several lim-
itations. The radiological images provided 
to the model were static and isolated from 
the dynamic, interactive environment that 
is typical of clinical practice. Furthermore, 
even though the prompts were designed 
to isolate the effect of each input type, the 
interpretability of ChatGPT-4o’s internal rea-
soning remains unclear. Finally, the forced-
choice format used in the diagnostic tasks 
may not reflect the complexity of real-life 
radiological interpretation and reporting, 
which often involves open-ended reasoning 
and the integration of longitudinal patient 
data. Although case difficulty was not for-
mally stratified to avoid subjective grading 
and maintain study focus, the comparison 
with radiology residents may serve as an 
indirect benchmark for overall difficulty, as 
previously discussed. In addition, although 
our dataset included a broad spectrum of 

imaging modalities and anatomical regions, 
the case distribution was not balanced 
across these categories, potentially introduc-
ing subtle biases in modality or subspecialty 
representation. Furthermore, this study fo-
cused exclusively on ChatGPT-4o—currently 
among the most advanced and accessible 
multimodal LLMs—to ensure consistency 
in performance benchmarking under con-
trolled conditions. Future studies should 
explore whether similar patterns hold across 
different models to assess the generalizabili-
ty of our findings.

As LLMs continue to evolve, their integra-
tion into radiology is expected to become in-
creasingly specialized and clinically aligned. 
A central priority for future development is 
improving the visual processing capabili-
ties of these models through domain-spe-
cific multimodal training. Some studies 
underscore the potential of task-specified 
pre-trained models that are fine-tuned on 
radiology-specific image–text pairs, rather 
than relying solely on general-purpose archi-
tectures, such as ChatGPT.31 Another key area 
for advancement is the role of prompt engi-
neering and fine-tuning strategies. Although 
our study used zero-shot prompting without 
any domain-specific customization, growing 
evidence suggests that carefully designed 
prompts and iterative fine-tuning can great-
ly influence diagnostic performance and 
consistency.9,12,32,33 As such, future research 
should systematically investigate how these 
factors can be optimized to balance model 
flexibility with clinical reliability, especially in 
high-stakes decision-making.

Beyond diagnostic reasoning, LLMs may 
also contribute to broader aspects of radiol-
ogy practice, including structured report-
ing, generating patient-friendly summaries, 
prioritizing studies based on urgency, and 
integrating clinical context into triage or de-
cision-support systems. Hybrid approaches 
that combine the interpretive strengths of 
LLMs with image-based AI tools or human 
oversight may provide a safer and more ef-
fective pathway toward real-world deploy-
ment. Finally, the use of LLMs in medical 
education deserves further exploration, par-
ticularly in simulation-based diagnostics and 
real-time AI-assisted feedback for trainees.

In conclusion, this study demonstrates 
that ChatGPT-4o’s diagnostic accuracy in ra-
diology is highly dependent on the presence 
of contextual information, particularly clin-
ical data and structured diagnostic options. 
Its limited performance in “image only” sce-
narios and the lack of added value when ra-
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diological images are paired with rich textual 
input emphasize the model’s current limita-
tions in autonomous radiological image in-
terpretation. Even though ChatGPT-4o shows 
promise as a supportive tool in structured 
clinical environments—especially for triage 
or decision support—it cannot yet replace 
human expertise in image-driven diagnostic 
tasks. Future advancements must address 
the need for integrated, multimodal training 
and transparent reasoning mechanisms be-
fore these models can be safely adopted for 
real-world clinical radiology applications.

Footnotes
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Supplementary Material 2. Prompt designs for each experimental condition

1. Radiologic image only

You will be presented with a radiologic image. Based solely on this image, determine the most likely diagnosis. Do not assume any clinical information or 
consider answer choices. Justify your decision based on visible imaging findings only.

2. Clinical information only

You will be given clinical information about a patient. Based solely on this clinical context, suggest the most likely radiologic diagnosis. Do not assume 
access to any imaging or answer choices. Base your answer purely on the clinical scenario.

3. Options only

Choose the most appropriate diagnosis from the list of options provided below. Do not assume access to clinical or imaging data. Base your selection on 
your general medical knowledge and reasoning.

4. Radiologic image + clinical information

You will be provided with a radiologic image and associated clinical information. Based on both inputs, determine the most likely diagnosis. Do not use any 
external answer choices. Explain your reasoning by integrating imaging and clinical features.

5. Radiologic image + options

You will be shown a radiologic image along with several diagnostic options. Choose the most appropriate diagnosis based on the image alone. Do not 
assume any clinical context. Justify your answer using the image findings.

6. Clinical information + options

You will receive clinical information and a list of possible diagnoses. Select the most likely diagnosis based only on the clinical details and the listed options. 
Do not incorporate any imaging data in your reasoning.

7. Radiologic image + clinical information + options

You will receive a radiologic image, relevant clinical information, and a list of diagnostic options. Choose the most likely diagnosis by integrating all three 
components. Justify your answer with reference to imaging, clinical findings, and option relevance.

Supplementary Material 1. Number of studies by modality and system

Modality Number of studies Anatomic system Number of studies

CT 50 Abdomen 41

X-ray 41 Neuro 35

MRI 30 Thorax 21

Fluoroscopy 4 Musculoskeletal 18

Angiography 3 Head and neck 8

USG 1 Cardiovascular 6

CT, computed tomography; MRI, magnetic resonans imaging; USG, ultrasonography.


