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Abstract

Objective: To explore the feasibility of using publicly available mainstream large language models (LLMs) to evaluate the
consistency and diagnostic accuracy of standardized ultrasound imaging reports, using pathology as the reference standard.
Materials and

Methods: This retrospective study collected ultrasound imaging data of breast nodules with pathological diagnoses obtained at
our hospital from June 2019 to June 2024. ChatGPT-4 was employed to evaluate the BI-RADS classification and benign or
malignant nature of the nodules. The diagnostic performance of the LLM and the human-machine dialogue method (image-to-
text-LLM) was assessed, including accuracy, sensitivity, specificity, and the area under the receiver operating characteristic
curve (AUC).

Results: A total of 671 patients (mean age 45.82 + 9.20 years [SD]; age range 26—75 years) with 671 breast nodule ultrasound
images (385 benign, 286 malignant) were included. ChatGPT-4 achieved an overall accuracy of 96.87% in identifying BI-RADS
classifications, surpassing the performance of two junior radiologists. For image interpretation, ChatGPT-4 achieved an AUC of
0.82 (95% CI: 0.79-0.85), an accuracy of 80.63% (541 of 671 cases), a senditivity of 90.56% (259 of 286 cases), and a
specificity of 73.51% (283 of 385 cases). Its diagnostic performance was comparable to that of two senior radiologists and
superior to two junior radiologists. When utilizing the image-to-text-LLM, diagnostic performance, including AUC, accuracy,
sensitivity, and specificity, improved for al four radiologists.

Conclusion: The application of LLMs (particularly the image-to-text-LLM) demonstrates potential value in diagnosing breast
ultrasound imaging data.

(IMIR Preprints 06/01/2025:70924)
DOI: https://doi.org/10.2196/preprints. 70924
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Enhancing Breast Ultrasound Diagnosis with ChatGPT-4: A Large
Language Model for BI-RADS Classification and Malignancy

Prediction
Abstract

Background[]Breast ultrasound is essential for evaluating breast nodules, with BI-RADS providing
standardized classification. However, interobserver variability among radiologists can affect
diagnostic accuracy. Large language models(LLMs) like ChatGPT-4 have shown potential in
medical imaging interpretation. This study explores its feasibility in improving BI-RADS
classification consistency and malignancy prediction compared to radiologists.

Objective: This study aims to evaluate the feasibility of using LLMs, particularly ChatGPT-4, to
assess the consistency and diagnostic accuracy of standardized breast ultrasound imaging reports,
using pathology as the reference standard.

Materials and Methods: This retrospective study analyzed breast nodule ultrasound data from 671
female patients (mean age 45.82 + 9.20 years; range 26—75 years) who underwent biopsy or surgical
excision at our hospital between June 2019 and June 2024. ChatGPT-4 was used to interpret BI-
RADS classifications and predict benign versus malignant nodules. The study compared the model’s
performance to that of two senior radiologists (>15 years of experience) and two junior radiologists
(<5 years of experience) using key diagnostic metrics, including accuracy, sensitivity, specificity,
area under the receiver operating characteristic curve (AUC), P-values, and odds ratios (OR) with
95% confidence intervals (CI). Two diagnostic models were evaluated: (1) Image interpretation
model, where ChatGPT-4 classified nodules based on BI-RADS features; (2) Image-to-text-LLM
model, where radiologists provided textual descriptions, and ChatGPT-4 determined malignancy
probability based on keywords. Radiologists were blinded to pathological outcomes, and BI-RADS
classifications were finalized through consensus.

Results: ChatGPT-4 achieved an overall BI-RADS classification accuracy of 96.87%, outperforming
junior radiologists (91.95% and 90.01%, P < 0.01). For malignancy prediction, ChatGPT-4 achieved
an AUC of 0.82 (95% CI: 0.79-0.85), an accuracy of 80.63% (541/671 cases), a sensitivity of
90.56% (259/286 cases), and a specificity of 73.51% (283/385 cases). The image interpretation
model demonstrated performance comparable to senior radiologists, while the image-to-text-LLM
model further improved diagnostic accuracy for all radiologists, increasing their sensitivity and
specificity significantly (P < 0.001). Statistical analyses, including McNemar’s test and DeLong’s
test, confirmed that ChatGPT-4 outperformed junior radiologists (P < 0.01) and showed non-
inferiority compared to senior radiologists (P > 0.05). Pathological diagnoses served as the reference
standard, ensuring robust evaluation reliability.

Conclusion: Integrating ChatGPT-4 into an image-to-text-LLM workflow improves BI-RADS
classification accuracy and supports radiologists in breast ultrasound diagnostics. These results
demonstrate its potential as a decision-support tool to enhance diagnostic consistency and reduce
variability.

Keywords: Large Language Models, BI-RADS, Breast Ultrasound, ChatGPT-4, Image-to-Text—
LLM

Introduction

In recent years, large language models (LLMs) have advanced rapidly, demonstrating significant
potential in healthcare. Their diverse applications have garnered considerable attention[1-4], driving
revolutionary progress across various fields, including medicine[5]. LLMs are built upon large-scale
datasets and continuously refined through iterative training, enabling them to handle a wide range of
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tasks, including medical diagnosis. LLMs provide diagnostic recommendations by processing key
inputs, extracting relevant information, and performing associative reasoning[6]. In medical imaging
analysis, the integration of LLMs with image-text conversion models enables the creation of a
continuous interactive system that seamlessly integrates with clinical practice, delivering more
precise and personalized healthcare services[7]. This approach enhances medical technology,
broadens clinical applications, and partially alleviates the challenges posed by limited healthcare
resources.

GPT-4, developed by OpenAl, is one of the most widely recognized LLMs. Although its
applications in medical imaging analysis have shown promise, the specific role and diagnostic
accuracy of LLMs in this domain remain insufficiently explored. Initial research on LLMs primarily
focused on evaluating their language generation capabilities. Most discussions surrounding LLMs,
particularly ChatGPT, have revolved around comments, replies, or question-and-answer formats|8-
11]. The findings have been promising[12]. However, many studies have primarily focused on
response evaluation rather than quantitative assessments of diagnostic accuracy and have lacked
reference standards such as pathology or laboratory examinations[13]. Additionally, the ability of
LLMs to generate structured diagnostic reports, such as BI-RADS classifications, has not been
systematically evaluated, raising concerns about their reliability in clinical decision-making.
Furthermore, LLMs may inadvertently perpetuate existing biases and disparities.

Therefore, to address this gap, it is essential to demonstrate the application of LLMs in medical
imaging. Breast cancer serves as an optimal case study for this purpose due to its high incidence,
critical need for early detection, and reliance on imaging for diagnosis. Breast cancer is one of the
most life-threatening diseases, second only to lung cancer[14,15]. The likelihood of breast cancer
survival is largely determined by the stage at which it is detected, which significantly impacts
chemotherapy outcomes[16-18]. Early diagnosis and effective treatment of breast cancer can
significantly reduce mortality rates[19]. Unlike lung cancer, which primarily relies on computed
tomography [] CT [] imaging, or neurological disorders, which depend on magnetic resonance
imaging[ ]MRI[] and functional imaging, breast cancer diagnosis heavily incorporates ultrasound due
to its accessibility, cost-effectiveness, and suitability for dense breast tissue—particularly in younger
patients and in regions with high breast cancer incidence, such as China[20]. Therefore, in China,
ultrasound has become the preferred imaging modality for breast lesion screening and preoperative
evaluation[21]. Breast ultrasound not only facilitates routine detection of breast cancer but also aids
in resolving inconclusive mammographic findings[22-24]. The Breast Imaging Reporting and Data
System (BI-RADS), proposed by the American College of Radiology (ACR), is a standardized
system designed to describe breast imaging findings[25]. It assists radiologists and breast surgeons in
standardizing the assessment of malignancy probability in breast lesions and in guiding subsequent
diagnostic and treatment plans. Physicians classify breast lesions based on specific characteristics,
including shape, orientation, margins, echogenic pattern, posterior features, and the presence of
calcifications and associated findings. However, unlike structured reporting systems in CT-based
lung cancer screening or MRI-based neurological assessments, BI-RADS assessment in breast
ultrasound remains highly dependent on operator experience. This reliance leads to interobserver
variability and diagnostic inconsistency, as radiologists with different levels of expertise may provide
varying interpretations. Additionally, ultrasound evaluation requires extensive training and
certification, making it resource-intensive and subject to human variability.

Given these challenges, breast ultrasound serves as an ideal testbed for evaluating LL.M-assisted
imaging interpretation. First, the structured nature of BI-RADS makes it well-suited for Al-driven
standardization, potentially reducing subjective variability. Second, the widespread clinical use of
ultrasound in breast cancer detection allows for large-scale validation of LLM-generated reports
against pathology results. Unlike lung CT or brain MRI, where Al-based segmentation and feature
extraction already play a significant role, breast ultrasound interpretation lacks a robust Al-driven
standardization framework, highlighting the potential value of LLM integration. LLMs offer a
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promising solution by providing standardized interpretations, reducing interobserver variability, and
assisting in structured reporting. Their ability to generate BI-RADS reports based on ultrasound
findings suggests a potential role in improving diagnostic consistency and streamlining clinical
workflows. Despite these advantages, the reliability and diagnostic accuracy of LLM-generated BI-
RADS assessments remain unclear.

To bridge this research gap, this study aims to systematically evaluate the diagnostic
performance, consistency, and clinical utility of mainstream LLMs in breast nodule assessment. By
comparing LLM-generated BI-RADS categorizations with pathology-confirmed diagnoses, we seek
to determine whether LLMs can enhance reproducibility, improve standardization, and assist
radiologists in breast cancer diagnosis.

Materials and Methods

This study is a retrospective study, and informed consent was waived due to its retrospective design.
No patient privacy information was provided to the LLMs.

Study Design

To compare the diagnostic performance of the LLMs and radiologists with different levels of
experience in interpreting breast ultrasound images.

First, among the widely used LL.Ms, ChatGPT and Gemini are prominent. However, since Gemini
does not support image analysis, we selected OpenAl's ChatGPT-4 (San Francisco, CA, USA) for
this study[26], utilizing the BI-RADS standard for diagnosing breast nodules. For clarity, while
LLMs refer to a broad category of Al models, this study specifically focuses on ChatGPT-4. We
analyzed the accuracy of ChatGPT-4 in classifying breast nodules using the BI-RADS system and
assessed its diagnostic performance in distinguishing between benign and malignant breast nodules.
In subsequent analyses, the performance of two different models was evaluated:

(a) Image-to-text-LLM model: Radiologists first interpreted the ultrasound images and generated
textual descriptions using a standardized BI-RADS reporting template. This template included
predefined descriptors for nodule shape, margin, echogenicity, and other key ultrasound features.
ChatGPT-4 then analyzed the text and determined whether the nodule was benign or malignant based
on the extracted keywords (Figure 3). To minimize variability in descriptions, all radiologists were
trained in the standardized reporting format, and their reports were randomly reviewed by a senior
radiologist to ensure consistency.

(b) Image interpretation model: The ultrasound images were provided directly, and the model
performed benign or malignant diagnosis based on BI-RADS classification and image analysis
(Figure 4).

All radiologists were blinded to the pathological results. The radiologists were divided into two
senior and two junior groups. The senior radiologists each had over 15 years of experience in breast
ultrasound, while the junior radiologists had less than 5 years of experience.

The BI-RADS classifications were determined by consensus between two senior radiologists. If
their conclusions differed, a third senior radiologists (W.S.S., with 21 years of experience in breast
ultrasound) was consulted to reach a final decision through discussion.

Patient Data Collection

Retrospective collection of ultrasound images of breast nodules diagnosed through biopsy or
surgical excision at Fujian Provincial Hospital, Fuzhou University Affiliated Hospital, between June
2019 and June 2024 (385 benign and 286 malignant cases). Patients without ultrasound
examinations, those with low-quality images, or those with inconclusive pathological results were
excluded (Figure 1). Each image corresponded to an individual breast nodule. For nodules suspected
to be benign on biopsy, follow-up of at least six months was required. All lesions were ultimately
classified as benign or malignant based on histopathological results.

Evaluation index
The diagnostic performance of ChatGPT-4 in two different models (Image-to-text—-L.LLM model and
image interpretation model) was compared with that of radiologists with varying levels of
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experience. The analysis included the accuracy of BI-RADS classifications by junior radiologists and
the calculation of key performance metrics, including sensitivity, specificity, accuracy, and the area
under the receiver operating characteristic curve (AUC) with 95% confidence intervals (Figure 2).
Statistical Analysis

All statistical analyses were performed using SPSS software (IBM, version 20.0) and MedCalc
(MedCalc Software, version 12.7). Continuous data were expressed as mean * standard deviation
(SD), and categorical data were presented as frequencies and percentages. The analysis included the
calculation of key performance metrics, including accuracy, sensitivity, specificity, and the area
under the receiver operating characteristic curve (AUC) with 95% confidence intervals. Finally,
McNemar's test and DeLong's test were used to compare the diagnostic performance of ChatGPT-4
under different deployment strategies. A p-value of < 0.05 was considered statistically significant.

Results

Patient Characteristics:

A total of 671 female patients were included in the study (mean age 45.82 + 9.20 years [SD]; age
range 26-75 years). A total of 671 ultrasound images of breast nodules were collected, including 385
benign cases (57.38%) and 286 malignant cases (42.62%), with 428 nodules on the left side and 243
on the right side (Table 1). Pathological diagnoses within three months after ultrasound examination
were based on surgical resection or core needle biopsy. Patients with benign pathology from core
needle biopsy were followed up for an average of approximately 11.2 months. The inclusion and
exclusion criteria for patients and images are detailed in Figure 1.

The representation of ChatGPT-4 in classification[]

As shown in Table 2, the BI-RADS classifications for the 671 ultrasound images include categories
BI-RADS 3, 4 (A-C), and 5. The overall accuracy of the ChatGPT-4 in identifying BI-RADS
classifications was 96.87%, surpassing junior radiologist 1 (91.95%) and junior radiologist 2
(90.01%). Notably, the model demonstrated significant differences in classification performance
compared to both junior radiologists for BI-RADS 4A and to junior radiologist 2 for BI-RADS 3 and
4C.

The performance of image interpretation model in predicting benign and malignant breast
nodules:

As shown in Table 3, Senior radiologist 1 demonstrated excellent performance in diagnosing benign
and malignant breast lesions via ultrasound, with an AUC of 0.85 (95% CI: 0.81-0.88), an accuracy
of 83.16% (558/671 cases), a sensitivity of 91.61% (262/286 cases), and a specificity of 77.40%
(298/385 cases). ChatGPT-4 exhibited comparable performance to the image interpretation model of
both senior radiologists in terms of accuracy, sensitivity, and specificity. Notably, it outperformed
senior radiologist 2 in AUC, with the difference being statistically significant (P < 0.01). The image
interpretation model showed diagnostic performance comparable to that of the two senior
radiologists, particularly achieving a sensitivity of 90.56% (259/286 cases). Moreover, it consistently
outperformed the predictive models of the junior radiologists in AUC, accuracy, and sensitivity (P <
0.01), while showing a statistically significant difference in specificity compared to junior radiologist
1 (P <0.01).

The performance of ChatGPT-4 in predicting benign and malignant breast nodules based on
image-to-text—-LLM model[]

As shown in Table 4, the image interpretation model of ChatGPT-4 yielded an AUC of 0.82 (95% CI:
0.79-0.85), an accuracy of 80.63% (541/671 cases), a sensitivity of 90.56% (259/286 cases), and a
specificity of 73.51% (283/385 cases). Under the Image-to-text-LLM model, ChatGPT-4
demonstrated performance comparable to the two senior radiologists while surpassing the models of
junior radiologists in AUC, accuracy, sensitivity, and specificity (P < 0.001). The four radiologists
with varying levels of experience showed improvements in AUC, accuracy, sensitivity, and
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specificity after image-to-text—-L.LM model compared to image-to-text—LLM model.

Table 1: Demographic and Clinical Characteristics of Patients

Characteristic Value
Age (y)* 45.82+9.20(]26-75[]
Location

Left 428[163.7901

Right 243[]36.21[]
Nodule Pathology

Benign 385[157.38[]

Malignant 286[142.62[]

Note: Unless otherwise specified, the data represents the number of survey results, with percentages
in parentheses. *Data are presented as mean + standard deviation, with the range in parentheses.

Table 2: The effectiveness of ChatGPT-4 in classification
Classification N  ChatGPT-4  Junior Physicians 1 P Junior Physicians2 P

BI-RADS 3 93 90 86 0.29 82 0.04
BI-RADS 4A 374 361 345 0.02 341 <0.01
BI-RADS 4B 98 95 91 0.22 90 0.13
BI-RADS 4C 56 55 50 0.06 47 <0.01
BI-RADS 5 50 49 45 0.13 44 0.06

Note: The p-value represents the comparison with ChatGPT-4

Table 3: The performance of image interpretation model in predicting benign and malignant breast

nodules
:gy AUC* p Accuracy (%) p Sensitivity (%) p Specificity (%) P
sPT-4 0.82[]0.79[1085[] 80.63[1541/671[] 90.56(259/286) 73.51(283/385)
r Radiologist 1 0.81[J0.77,0.84[] 0.10 79.88[1536/671[]  0.88 86.01(246/286) 0.18 75.32(290/385)  0.50
r Radiologist 2 0.79[]0.76,0.83[] <0.01 78.09[1524/671[]  0.24 86.71(248/286) 0.23 71.69(276/385)  0.63
r Radiologist 1 0.66[]0.62,0.700] <0.01  65.57[]440/671[] <0.01  63.33(181/286) <0.01  67.27(259/385)  <0.01

r Radiologist 2 0.67[10.62,0.71[] <0.01 66.47[1446/671[] <0.01  66.78(191/286) <0.01  66.23(255/385) 0.13

Note.—Except were indicated, numbers in parentheses are numbers of nodules. AUC = area under a
receiver operating characteristic curve.
* Data in parentheses for the AUC metric are 95% Cls.

Table 4: The performance of ChatGPT-4 in predicting benign and malignant breast nodules based on
image-to-text—LLM model

ostic Performance ChatGPT-4 Senior Radiologist 1 Senior Radiologist 2~ Junior Radiologist 1 ~ Junior Radiologist 2
t 0.82[]0.79[]085] 0.85[]0.81,0.88(] 0.82[]0.78,0.85[] 0.64{]0.62,0.70(] 0.63[]0.59,0.67]
0.10 0.77 <0.01 <0.01
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racy (%) 80.63[1541/671[] 83.16[1558/671[] 81.37[1546/671[] 72.43[1486/671[] 69.00[1463/671[]
0.13 0.72 <0.01 <0.01

tivity (%) 90.56(259/286) 91.61(262/286) 86.71(248/286) 83.92(240/286) 74.13(212/286)
0.87 0.29 0.02 <0.01

ficity (%) 73.51(283/385) 77.40(298/385) 76.36(294/385) 64.42(248/385) 65.71(253/385)
0.10 0.18 <0.01 0.01

Note.—Except were indicated, numbers in parentheses are numbers of nodules. AUC = area under a
receiver operating characteristic curve, LLM = large language model.
* Data in parentheses for the AUC metric are 95% Cls.

Figure 1: Flow chart

741 Patients with Breast Nodules
Undergoing Mastectomy or CNB
Exclude
34 Cases Excluded Due to
Missing Ultrasound Images
707 Cases with Preoperative
Ultrasound Examination
Exclude
21 Cases Excluded Due to
Undefined Pathological Results
Ultrasound Images Collected: 686
Images from 686 Patients
Exclude
15 Cases Excluded Due to Poor
Image Quality

Final Dataset: 671 Cases with 671
Ultrasound Images

Figure 2: Study Design
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Breast Ultrasound Images

BI-RADS Classification

by Two Senior Radiologists
GPT Image Analysis vs. Benign/ GPT Provides Benign or
Malignant Diagnoses by Four R Malignant Diagnoses Based on
adiologists Descriptions from Four Different R
adiologists

BI-RADS Classification
by Two Junior Radiologists

and GPT
Diagnostic Performance of GPT Evaluation of Diagnostic
and Four R adiologists Assessed Performance of GPT and Four
Against Pathological Results Comparison of Diagnostic Accuracy Doctors Based on Pathological
Between Junior R adiologists and GPT Results

Figure 3: The screenshot demonstrates ChatGPT-4 (OpenAl; https://chat.openai.com/) analyzing a
single breast nodule in image-to-text-LLM model. This response was recorded as a malignant
diagnosis.

Do you know the ACR BI-RADS of breast ultrasound

If you are a radiologist, here is an ultrasound image of a breast
nodule with clear boundaries, lobular composition, marginal
®  Yes, I'm familiar with the ACR BI-RADS for breast ultrasound. The ACR BI- spicules, irregular shape, uneven internal echoes, visible
RADS (Breast Imaging Reporting and Data System) was developed by the punctate hyperechoic areas, no attenuation behind, and
American College of Radiology to standardize breast imaging reporting, punctate color flow within. | would like you to diagnose this
: A : . breast nodule as either benign or malignant.
improve diagnostic accuracy, and ensure clear communication among

healthcare providers. This system is used across various breast imaging

modalities, including ultrasound, mammography, and MRI, and provides a @  Given the ultrasound features described:
framework for assessing the likelihood of malignancy and guiding patient . Cleart jaries and lobular composition can be seen in both benign and malignant
management. Here's a summary of the BI-RADS categories: 1e9ns:

1. BI-RADS 0: Incomplete - Additional imaging evaluation is needed.

Marginal spicules and an irregular shape are often indicative of malignancy.

2. BI-RADS 1: Negative - No significant findings.

Uneven internal echoes and punctate hyperechoic areas (which may represent
3. BI-RADS 2: Benign findings - Definitively benign. calcifications) are also suspicious features

4. BI-RADS 3: Probably benign - Follow-up is recommended, as the finding has a low The absence of posterior attenuation could lean toward certain malignancies, though
i H ;

likelihood of malignancy. not exclusively.

= : T ¥ . o Punctate color flow within the nodule suggests vascularity, which can often be seen in
5. BI-RADS 4: Suspicious abnormality - Biopsy should be considered; this is subdivided = 2
g malignancies.
into:
= B Based on these characteristics, the lesion would likely fall under BI-RADS 4C or BI-RADS 5,
¢ 4A: Low suspicion for malignancy R . e i ; :
which indicates a high suspicion of malignancy and a recommendation for biopsy. Features
 4B: Moderate suspicion for malignancy such as spiculated margins, irregular shape, and internal vascularity tend to be more
« 4C: High suspicion for malignancy characteristic of malignancies than benign nodules. However, a biopsy would be essential for

a definitive diagnosis.
6. BI-RADS 5: Highly suggestive of malignancy - Biopsy or appropriate intervention is

strongly recommended.

~

BI-RADS 6: Known biopsy-proven malignancy - For cases already confirmed as
malignant via biopsy.

This system allows for more consistent interpretation of breast ultrasound findings, aiding in
decision-making and ensuring uniformity in patient care.

Figure 4: The screenshot demonstrates ChatGPT-4 (OpenAl; https://chat.openai.com/) analyzing a
single breast nodule in image interpretation model. This response was recorded as a malignant
diagnosis.
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Do you know the ACR BI-RADS of breast ultrasound

©®  VYes, I'm familiar with the ACR BI-RADS for breast ultrasound. The ACR BI-
RADS (Breast Imaging Reporting and Data System) was developed by the
American College of Radiology to standardize breast imaging reporting,
improve diagnostic accuracy, and ensure clear communication among

healthcare providers. This system is used across various breast imaging
modalities, including ultrasound, mammography, and MRI, and provides a This is an image of a breast ultrasound, whether you think it's
framework for assessing the likelihood of malignancy and guiding patient benign or malignant

management. Here's a summary of the BI-RADS categories:

1. BI-RADS 0: Incomplete - Additional imaging evaluation is needed. @  Inexamining this ultrasound image with color Doppler flow, several features suggest a high

2. BI-RADS 1: Negative - No significant findings. suspicion for malignancy:

3. BI-RADS 2: Benign findings 0l Deﬁnitively benign 1. Increased Internal Vascularity: The nodule exhibits significant internal blood flow, with

both red and blue signals, indicating active blood supply within the lesion. Increased

4. BI-RADS 3: Probably benign - Follow-up is recommended, as the finding has a low vascularity is commonly associated with malignant tumors, as they often induce
likelihood of malignancy. angiogenesis to support rapid growth.

5. BI-RADS 4: Suspicious abnormality - Biopsy should be considered; this is subdivided 2. Echotexture and Margins: Although the margins are not completely clear in this view,
into: the internal structure appears heterogeneous, which is often a concerning feature in

breast imaging. Malignant nodules tend to have irregular or heterogeneous

¢ 4A: Low suspicion for malignancy echotextures, as opposed to the homogeneous texture typically seen in benign lesions.
« 4B: Moderate suspicion for malignancy

« 4C: High suspicion for malignancy Based on these observations, this lesion would likely be classified as BI-RADS category 4C

E x = = i .. or5,indicating a high suspicion of malignancy. A biopsy is strongly recommended to
6. BI-RADS 5: Highly suggestive of malignancy - Biopsy or appropriate intervention is i b f
confirm the diagnosis.

strongly recommended.

Discussion

In medical diagnostics, logical reasoning often forms the foundation of treatment, requiring higher-
order cognitive skills such as application, analysis, and evaluation. Bhayana et al.[27] demonstrated
that ChatGPT nearly passed a radiology board-style exam despite lacking radiology-specific
pretraining or direct access to imaging data. Despite the promising potential of LLMs in medical
imaging[28], there is a lack of research on their feasibility in addressing reasoning tasks associated
with medical diagnoses based on breast-specific reference standards, such as pathology. In this study,
we utilized BI-RADS and standardized pathological reporting as reference standards, integrating
LLMs into the diagnostic process to emphasize the benefits of combining ChatGPT-4 with image-to-
text technologies. We validated the potential application of ChatGPT-4 in breast nodule ultrasound
diagnostics, using pathological results as the benchmark to evaluate their performance in
standardized reporting and diagnostic consistency. The results showed that ChatGPT-4 performed
exceptionally well in BI-RADS classification and benign-versus-malignant predictions of breast
nodules. Its diagnostic performance was significantly superior to that of less experienced
radiologists. This lays a foundation for the practical application of LLMs in enhancing the
standardization and accuracy of medical imaging diagnostics while providing evidence to support
further exploration of their clinical utility.

ChatGPT-4 achieved an overall accuracy of 96.87% in BI-RADS classification and an AUC of
0.82 for benign-versus-malignant predictions (AUC = 0.82 [95% CI: 0.79-0.85]). Its accuracy,
sensitivity, and specificity were 80.63% (541/671), 90.56% (259/286), and 73.51% (283/385),
respectively. Notably, ChatGPT-4 outperformed less experienced radiologists in BI-RADS
categories 4A, 3, and 4C. This indicates that ChatGPT-4 can deliver highly consistent and accurate
diagnostic results, reducing variability caused by limited experience. Integrating LLMs into breast
condition classification can minimize diagnostic errors and ultimately improve patient outcomes
significantly. LLMs can be trained to identify and interpret individual variations, ultimately assisting
in the development of new classification standards. This approach may address the lack of
universally accepted breast disease classifications. Furthermore, integrating image-to-text conversion
by radiologists with ChatGPT-4 improved the AUC, accuracy, sensitivity, and specificity for all four
physicians, with notable performance enhancements observed among less experienced radiologists.
This underscores that while AI has made significant advancements in medical imaging and
diagnostics, human expertise remains indispensable.
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While ChatGPT-4 demonstrated strong diagnostic capabilities, it is important to compare its
performance with existing Al-driven ultrasound diagnostic models. Prior deep-learning models have
shown comparable or even superior performance in specific ultrasound tasks. For example,
convolutional neural networks (CNNs) and transformer-based models trained on large annotated
datasets have achieved AUCs exceeding 0.90 in distinguishing benign from malignant breast
lesions[29,30]. These models directly analyze imaging data, extracting pixel-level features for
classification. In contrast, ChatGPT-4 processes structured text inputs rather than images,
highlighting a key trade-off between interpretability and diagnostic precision. While CNNs and other
deep-learning models operate as "black-box" systems with high accuracy, LLMs like ChatGPT-4
provide enhanced transparency and reasoning, allowing clinicians to trace the logic behind their
decisions. Thus, future studies should explore hybrid approaches that integrate deep-learning image
analysis with LLM-driven reasoning to maximize diagnostic performance.

Our study, grounded on pathological findings as the reference standard, provides substantial
evidence that using pathology-based benchmarks to evaluate LLMs in ultrasound diagnostic
reasoning and information processing differs significantly from previous approaches. Earlier studies
primarily relied on expert questionnaires and subjective judgments to assess LLMs' text
comprehension, summarization, and generation abilities in the context of medical imaging reports or
inquiry responses[31,32]. The results showed that ChatGPT-4, when integrated with clinician-led
image-to-text conversion strategies, achieved optimal performance. This demonstrates that LLMs
can effectively assist radiologist, particularly less experienced radiologists, thereby improving
overall diagnostic quality. Compared to senior radiologists, ChatGPT-4 demonstrated sensitivity
(90.56%) in benign-versus-malignant diagnosis of breast nodules that closely matched that of two
senior radiologists (91.61% and 86.71%). However, its specificity was slightly lower (73.51% vs.
77.40% and 76.36%). These findings suggest that ChatGPT-4's diagnostic reasoning, when provided
with structured textual inputs, approaches that of senior radiologists. However, its performance
remains constrained by its reliance on human-generated descriptions, rather than direct image
interpretation.

Unlike black-box deep-learning models, ChatGPT-4 offers a transparent reasoning process,
enhancing trust in Al-assisted diagnostics. This feature is particularly valuable in clinical practice
and medical education, as it enables junior radiologists to follow structured diagnostic logic rather
than relying on uninterpretable Al-generated outputs. By standardizing ultrasound diagnostic
reasoning, ChatGPT-4 could improve the consistency and quality of radiological assessments,
especially among less experienced practitioners.

This study demonstrates the advantages of LLMs in breast ultrasound diagnosis. First, LLMs
standardize the diagnostic process, significantly reducing inconsistencies caused by variations in
physician experience, making them particularly beneficial for less experienced radiologists. Second,
they offer high efficiency in processing large image datasets, alleviating the workload of radiologists,
particularly in breast cancer screening programs. Furthermore, LLMs can be incorporated into
standardized reporting frameworks such as BI-RADS, providing real-time decision support to
optimize clinical workflows. Rather than replacing CNN-based models, ChatGPT-4 functions as a
complementary tool that interprets structured radiological descriptions, offering an alternative
diagnostic strategy. Most traditional diagnostic support software focuses on extracting imaging
features rather than providing comprehensive diagnostic suggestions. Our study paves the way for
applying LLMs in medical image-based diagnostic reasoning. Future research should explore
multimodal AI models that integrate ultrasound, CT, and MRI data to further enhance diagnostic
accuracy. Additionally, refining image-to-text conversion methods and reducing reliance on manual
input will be critical for advancing fully automated diagnostic systems. Validating these findings on
multicenter datasets is essential to ensure generalizability.

Limitations
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Despite demonstrating the potential of LLMs in ultrasound diagnostics, this study has certain
limitations. First, it did not utilize the latest LLM versions, and ChatGPT-4 lacks the capability to
directly interpret medical images. Its diagnostic process depends on structured text inputs provided
by physicians, limiting its feasibility for fully automated diagnostics. Therefore, its current role is
best suited as a decision-support tool rather than an independent diagnostic system. Second, the study
was based on BI-RADS standards and did not account for complex imaging features or multimodal
data, potentially restricting the model’s applicability to challenging cases. Third, the dataset was
derived from a single institution, introducing potential selection bias. Additionally, the patient cohort
was drawn from a specific geographic and demographic background, which may not fully represent
broader populations. Future studies should include diverse, multiethnic patient groups to improve
external validity. Finally, while pathological results were used as the gold standard, they are not
always available in routine clinical practice. Investigating alternative validation methods, such as
long-term follow-up outcomes, could further enhance the clinical applicability of LLM-assisted
diagnostics.

Conclusion

This study systematically evaluates the application of LLMs in breast ultrasound diagnosis. The
results show that ChatGPT-4 achieves diagnostic performance comparable to senior radiologists
while significantly improving the accuracy of less experienced radiologists. These findings highlight
its potential to enhance diagnostic consistency and standardization. As Al and imaging technologies
advance, LLMs are expected to further improve diagnostic accuracy and efficiency. Future research
should focus on multicenter validation and multimodal imaging integration to further assess its
clinical applicability.
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The screenshot demonstrates ChatGPT-4 (OpenAl; https://chat.openai.com/) analyzing a single breast nodule in image-to-
text—L LM model. This response was recorded as a malignant diagnosis.
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The screenshot demonstrates ChatGPT-4 (OpenAl; https://chat.openai.com/) analyzing a single breast nodule in image
interpretation model. This response was recorded as a malignant diagnosis.
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