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Key Messages: 
↑What is “already known” in this topic: 
Multimodal large language models are increasingly evaluated for 
medical image interpretation, but their reliability in urogenital 
radiological assessment and cross-disciplinary clinical contexts remains 
uncertain.   
 
→What this article adds: 

This exploratory pilot study compares human specialists and multiple 
multimodal AI models in a standardized single-image urogenital 
radiology task, highlighting both the supportive potential and current 
limitations of AI-assisted assessment.  
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Abstract 
    Background: Multimodal generative artificial intelligence (AI) systems are increasingly evaluated for medical image classification, 
but their performance in interdisciplinary urogenital radiological assessment remains uncertain. This study aimed to compare the 
overall and domain-specific classification performance and uncertainty patterns of two domain-specific human specialists and three 
multimodal generative AI systems in a standardized single-image urogenital radiology task. 
   Methods: This exploratory pilot comparative study evaluated 60 publicly available anonymized radiological cases selected from 
Radiopaedia, including 20 urological anomaly/variation cases, 20 gynecological anomaly/variation cases, and 20 normal anatomy 
cases. Two human specialists and three multimodal AI systems (GPT-4o, Gemini 1.5 Pro, and Microsoft Copilot) independently 
classified randomized single images into predefined categories under blinded conditions. Overall accuracy was summarized with 95% 
confidence intervals, while domain-specific accuracy and uncertain/unable-to-classify responses were analyzed descriptively. 
   Results: Overall accuracy was highest for Gemini 1.5 Pro (36/60, 60.0%; 95% CI, 47.4-71.4), followed by the urologist (34/60, 
56.7%; 95% CI, 44.1-68.4), GPT-4o (31/60, 51.7%; 95% CI, 39.3-63.8), the gynecologic oncologist (29/60, 48.3%; 95% CI, 36.2-
60.7), and Copilot (19/60, 31.7%; 95% CI, 21.3-44.2). Human specialists performed best within their own domains. Gemini performed 
strongly in urological and gynecological categories but had low normal-category accuracy (2/20, 10.0%), suggesting 
overclassification. 
   Conclusion: In this standardized single-image pilot task, multimodal AI systems showed potential as supportive classification tools 
but also demonstrated clinically relevant limitations, particularly false-positive interpretation of normal anatomy. These findings 
should be interpreted as hypothesis-generating and not as evidence of autonomous diagnostic capability. 
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Introduction 
Recent advances in multimodal generative artificial in-

telligence (AI) have enabled systems capable of simulta-
neously processing visual and textual information, ex-
panding their applicability beyond traditional prediction-
based models into complex interpretation tasks. These 
developments have introduced new opportunities for clas-
sification problems involving heterogeneous and interdis-
ciplinary datasets, particularly in domains where structural 

complexity and contextual variability are prominent (1, 2). 
Medical imaging represents one such domain, where 

image interpretation often requires not only pattern recog-
nition but also domain-specific anatomical knowledge (3). 
While conventional AI systems have primarily focused on 
single-domain classification tasks, multimodal generative 
AI models offer the potential to integrate knowledge 
across different anatomical and clinical contexts (4, 5). 
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This capability may be particularly relevant in anatomi-
cally intertwined systems such as the urogenital region, 
where radiological findings frequently involve structures 
that fall within the expertise of multiple clinical disci-
plines. 

Despite the growing interest in the application of gener-
ative AI in radiological workflows, existing studies have 
largely evaluated performance within isolated clinical 
domains or focused on specific disease detection tasks (6, 
7). Comparative investigations that examine the classifica-
tion behavior of generative AI systems across interdisci-
plinary anatomical categories, particularly in direct com-
parison with domain-specific human experts, remain lim-
ited. 

Furthermore, the decision-making characteristics of 
generative AI systems—such as sensitivity to anomaly 
detection, confidence calibration, and classification 
tendencies—have not been fully characterized in anatomi-
cally complex settings. Understanding these behavioral 
patterns is essential for assessing the feasibility of inte-
grating AI-based outputs into interdisciplinary decision-
support environments. 

In this context, the present study aims to evaluate the 
classification performance of multimodal generative AI 
systems in urogenital radiological image interpretation 
through a blinded comparison with domain-specific hu-
man experts. By analyzing domain-specific accuracy, 
cross-domain performance, and classification uncertainty, 
this study seeks to provide insight into the potential role 
and limitations of generative AI as a complementary tool 
in anatomically complex classification tasks. 

The evolution of artificial intelligence in radiology has 
transitioned from early rule-based computer-aided detec-
tion (CAD) systems to advanced deep learning architec-
tures (8). While traditional convolutional neural networks 
(CNNs) achieved high performance in single-domain 
tasks (9),  the recent emergence of multimodal generative 
AI marks a historical shift toward systems capable of 
integrating cross-disciplinary anatomical knowledge (10). 

Recent developments in artificial intelligence have sig-
nificantly impacted medical image analysis, particularly in 
classification and detection tasks (11). Deep learning-
based models have demonstrated performance comparable 
to human experts in various imaging domains, including 
dermatology (12), and oncology (13), highlighting the 
potential of AI systems in visual diagnostic support tasks. 

In radiology, artificial intelligence has increasingly been 
integrated into workflows for image interpretation, 
anomaly detection, and report generation. Previous studies 
have demonstrated the ability of AI systems to assist in 
diagnostic processes by improving detection sensitivity 
and reducing interpretive variability. More recently, the 
emergence of multimodal generative AI models capable of 
integrating visual and textual information has further 
expanded these capabilities beyond traditional classifica-
tion frameworks. 

Despite these advancements, most existing studies have 
evaluated AI performance within single clinical domains 
or focused on disease-specific detection tasks. Investiga-

tions exploring cross-domain anatomical classification—
particularly in anatomically complex systems involving 
multiple clinical specialties—remain limited (6, 7). 

Comparative analyses between human experts and AI 
systems have also highlighted key differences in decision-
making patterns. While AI systems may demonstrate high 
sensitivity in anomaly detection, challenges related to 
specificity, confidence calibration (14), and generalization 
across unfamiliar domains have been reported (15, 16). 
These limitations underscore the importance of under-
standing AI behavior in interdisciplinary contexts. 

Accordingly, there remains a need for studies that eval-
uate the performance of multimodal generative AI systems 
in anatomically intertwined regions requiring expertise 
from multiple clinical disciplines. The present study seeks 
to address this gap by directly comparing AI-based classi-
fication with domain-specific human expertise in the in-
terpretation of urogenital radiological findings. 

 
Methods 
This study was designed as an exploratory pilot com-

parative evaluation framework to assess the classification 
performance of multimodal generative artificial intelli-
gence systems against domain-specific human experts in 
the interpretation of urogenital radiological images.  

A total of 60 radiological cases were selected from Ra-
diopaedia, a publicly accessible educational imaging data-
base. The dataset included images from multiple modali-
ties, including computed tomography (CT), magnetic 
resonance imaging (MRI), ultrasonography, X-ray, and 
scintigraphy. 

Cases were equally distributed across three predefined 
anatomical categories: 

• Urological anomaly or variation 
• Gynecological anomaly or variation 
• Normal anatomy 
Each category consisted of 20 cases to ensure balanced 

representation across domains. 
To minimize interpretive bias, only single representative 

cross-sectional images were used for each case. Images 
containing diagnostic annotations, arrows, or textual hints 
were excluded. 

Each image was presented as an independent classifica-
tion task. Evaluators were required to assign the image to 
one of the following predefined categories: 

• Urological anomaly/variation 
• Gynecological anomaly/variation 
• Normal anatomy 
• Uncertain / unable to classify 
The same standardized prompt and the same response 

options were used for all AI systems. The “uncertain / 
unable to classify” option was included as a predefined 
fourth response category to avoid forcing evaluators to 
assign a normal or abnormal label when the isolated image 
did not provide sufficient confidence. This category al-
lowed assessment of whether human and AI evaluators 
would recognize uncertainty rather than overclassify nor-
mal or ambiguous findings. 
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Reference classifications were determined based on the 
original case descriptions provided in the source database. 

Two domain-specific human experts participated in the 
evaluation: 

• One urology specialist 
• One gynecologic oncology specialist 
Experts were blinded to the case distribution and refer-

ence classifications. 
Three multimodal generative AI systems were evaluat-

ed: 
• GPT-4o (OpenAI) 
• Gemini 1.5 Pro (Google) 
• Copilot (Microsoft) 
All AI evaluations were performed using their multi-

modal versions available as of January 2026. When exact 
backend version identifiers were not publicly available 
through the web interfaces, the platform name, model 
designation, and access period were reported. Therefore, 
January 2026 should be interpreted as the access period of 
evaluation rather than as a standalone model version iden-
tifier. 

All cases were presented in randomized order under 
blinded conditions. Human experts and AI systems inde-
pendently performed the classification tasks without ac-
cess to prior responses or contextual clinical information 
(Figures 1 and 2). 

Classification performance was evaluated using: 
• Overall accuracy 
• Domain-specific accuracy 
• Uncertainty response rate 
• Inter-rater agreement (Cohen’s kappa) 
Categorical comparisons were analyzed using chi-

square or Fisher’s exact tests when appropriate. Within-
evaluator domain comparisons were performed using 
McNemar’s test. Statistical significance was defined as 
P<0.05. 

Overall accuracy was additionally reported as counts 
and percentages with Wilson 95% confidence intervals. 

 
Results 
Overall classification performance varied across evalua-

tors, demonstrating heterogeneous behavior among both 
human experts and AI systems. Gemini achieved the high-
est overall accuracy (60.0%), followed by the urologist 
(56.7%), GPT-4o  (51.7%), the gynecologic oncologist 
(48.3%), and Copilot (31.7%) (Figure 3). 

Domain-specific analysis revealed that human experts 
demonstrated superior performance within their respective 
fields. The urologist achieved an accuracy of 80% in uro-
logical cases (P=0.004), while the gynecologic oncologist 
demonstrated an accuracy of 75% in gynecological cases 
(P=0.018). However, performance differences became 
more pronounced in cross-domain evaluations. Human 
experts showed reduced accuracy outside their primary 
areas of specialization, with performance levels approach-
ing those of certain AI systems (Figures 4a and 4b). 

Among AI systems, Gemini exhibited strong domain-
level performance, achieving 80% accuracy in urological 
cases and 90% accuracy in gynecological cases. In gyne-

cological classifications, Gemini surpassed the gynecolog-
ic oncologist, while demonstrating parity with the urolo-
gist in urological scenarios.  

In the classification of normal anatomy, AI systems 
demonstrated notable limitations. Gemini achieved an 
accuracy rate of only 10% in normal cases (P=0.006), 
indicating a strong tendency toward false-positive classifi-
cation of anatomical variations (Figure 4c). 

The Copilot model exhibited a high rate of uncertainty 
responses, selecting the “uncertain” category in 40% of 
cases (P<0.001), significantly higher than both human 
evaluators and other AI systems. 

Inter-rater agreement analysis demonstrated moderate 
concordance across evaluators, with variability reflecting 

 
Figure 1. Example of the evaluation framework used for image 
classification tasks. 
 

 
Figure 2. Example of the evaluation framework used for image 
classification tasks. 
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domain specialization effects and differing classification 
strategies (Table 1). 

The findings of this study reveal distinct behavioral dif-
ferences between domain-specific human expertise and 
multimodal generative AI systems in anatomical classifi-
cation tasks. 

Human experts demonstrated strong performance within 
their respective domains, reflecting the impact of special-
ized knowledge in structured anatomical interpretation. 
However, their accuracy declined in out-of-domain evalu-
ations, suggesting limitations in cross-domain generaliza-
tion.  

The relatively low Normal-category accuracy of the 
urologist should not be interpreted as insufficient urologi-
cal expertise. In this interdisciplinary task, the urologist 
was not evaluating only urological pathology, but was 
asked to classify urological findings, gynecological find-
ings, and normal anatomy. Therefore, overall accuracy 
alone does not directly represent urological domain exper-
tise. The urologist achieved 80% accuracy in urological 
cases, indicating preserved domain-specific performance 
despite lower accuracy in normal or non-urological cate-
gories. In contrast, AI systems exhibited a more uniform 
but heterogeneous performance profile across anatomical 
categories. Gemini demonstrated high sensitivity in de-
tecting anomalies across both domains, achieving domain-
level parity with human experts in urological cases and 
surpassing the gynecologic oncologist in gynecological 
classifications. 

However, this sensitivity appeared to be associated with 
a trade-off in specificity. The notably low accuracy of AI 
systems—particularly Gemini—in identifying normal 
anatomy indicates a pronounced false-positive tendency. 
This behavior reflects an overclassification bias, where 
structurally normal findings are interpreted as anomalous. 

Such classification tendencies may arise from the prob-
abilistic decision-making mechanisms inherent in genera-
tive AI systems, which prioritize anomaly detection over 
conservative interpretation in the absence of contextual 
constraints (17, 18). 

Additionally, the high uncertainty response rate ob-
served in Copilot suggests an alternative decision profile 
characterized by cautious classification under ambiguity. 
While this may reduce false-positive interpretations, it 
also limits practical utility in decision-support scenarios. 

Overall, these findings highlight a fundamental distinc-
tion between human and AI interpretive strategies: domain 
specialization versus generalized pattern sensitivity (19). 
While human experts rely on contextual anatomical famil-
iarity, AI systems leverage broad training distributions 
that enable cross-domain recognition but may compromise 
specificity (20, 21). 

Understanding these behavioral patterns is essential for 
evaluating the feasibility of integrating AI-based outputs 
into interdisciplinary classification workflows. 

 
Discussion 
The observed performance patterns suggest that multi-

modal generative AI systems may hold value as support-
ive tools in interdisciplinary anatomical interpretation 
rather than as autonomous decision-makers. AI systems 
demonstrated the ability to recognize patterns across mul-

Figure 3. Overall classification accuracy (%) across evaluators. 
 

 
Figure 4A. Accuracy (%) in urological cases. 
 

Figure 4B. Accuracy (%) in gynecological cases. 
 

 
Figure 4C. Accuracy (%) in normal anatomy. 
 

 
Table 1. Accuracy metrics across human specialists and AI models 
Evaluator Overall Uro Gyn Normal 
Urologist 56.7 80.0 45.0 45.0 
Gyn. Oncologist 48.3 35.0 75.0 35.0 
GPT-4o 51.7 65.0 55.0 35.0 
Gemini 1.5 Pro 60.0 80.0 90.0 10.0 
Copilot 31.7 30.0 40.0 25.0 
Note: Uro: Urological, Gyn: Gynecological.  
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tiple anatomical domains, occasionally achieving perfor-
mance levels comparable to or exceeding those of do-
main-specific experts in focused classification tasks. This 
indicates potential utility in enhancing interdisciplinary 
awareness, particularly in anatomically complex regions 
where findings may extend beyond the primary expertise 
of a single specialty. 

However, the pronounced tendency toward overclassifi-
cation, particularly in the misinterpretation of normal 
anatomy, highlights the risks associated with unsupervised 
deployment. False-positive outputs in clinical environ-
ments may lead to unnecessary diagnostic procedures, 
increased workload, or misdirected clinical attention. In 
this context, the most appropriate integration strategy for 
generative AI lies within a complementary decision-
support framework. AI-generated classifications may 
function as a secondary interpretive layer, drawing atten-
tion to potential anomalies or cross-domain considerations 
that might otherwise be overlooked. Such an approach 
aligns with human-centered AI integration models, in 
which automated outputs augment—but do not replace—
expert clinical judgment (21, 22). Accordingly, the role of 
multimodal generative AI in urogenital radiological inter-
pretation should be conceptualized as supportive rather 
than substitutive, operating under continuous human over-
sight. 

Several limitations of this study should be acknowl-
edged. First, the relatively small sample size may limit the 
generalizability of the findings. Although balanced case 
selection allowed for comparative evaluation across do-
mains, larger datasets would provide more robust esti-
mates of performance differences. Second, the use of 
publicly available educational imaging cases may not fully 
reflect the complexity and variability encountered in real-
world clinical practice. Third, the evaluation was based on 
single representative cross-sectional images rather than 
full imaging series. While this approach enabled standard-
ized comparison across evaluators, it differs from routine 
clinical workflows that involve multi-slice and dynamic 
interpretation. As of June 2026, general-purpose MLLMs 
are not yet clinically established or validated for 
comprehensive DICOM-based interpretation of full CT or 
MRI series in a multi-slice, multiplanar, and clinically 
contextualized manner. Therefore, the present design 
should be interpreted as a standardized single-image 
classification and pattern-recognition task rather than a 
simulation of complete radiological diagnostic workflow. 

Additionally, the performance of generative AI systems 
may vary depending on model versions, temporal updates, 
and model-specific hallucination tendencies (23-25). As 
such, the findings of this study should be interpreted as 
time-specific. 

Finally, the study focused on anatomical classification 
rather than comprehensive diagnostic decision-making. 
Therefore, the results should be interpreted as indicative 
of interpretive behavior rather than clinical diagnostic 
capability. 

 
 
 

Conclusion 
This study demonstrates that multimodal generative arti-

ficial intelligence systems exhibit meaningful potential in 
the classification of urogenital radiological findings across 
interdisciplinary anatomical domains. While AI systems 
showed the ability to achieve domain-level performance 
comparable to human experts in certain classification 
tasks, their limitations in identifying normal anatomy 
revealed a pronounced overclassification tendency. This 
finding underscores the importance of maintaining human 
oversight when integrating AI into interpretive workflows. 
Human experts demonstrated strong domain-specific 
performance but showed reduced accuracy in out-of-
domain evaluations, highlighting the complementary 
strengths of specialized expertise and generalized pattern 
recognition. 

Taken together, these results suggest that the optimal 
role of multimodal generative AI lies not in autonomous 
decision-making, but in functioning as a supportive inter-
pretive layer within interdisciplinary classification envi-
ronments. Future research involving larger datasets and 
real-world imaging workflows may further clarify the 
potential of AI-assisted interpretation in anatomically 
complex systems. 
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