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Purpose To evaluate the benefits of using a commercially available AI system for breast ul-
trasonography (US) among readers with varying levels of expertise.
Materials and Methods A total of 285 breast lesions from 141 women who underwent 
breast US between February 2012 and April 2015 were retrospectively analyzed using a 
deep-learning-based AI system for lesion detection and diagnosis. Five readers, comprising 
experienced (two breast radiologists and one breast surgeon) and inexperienced (one gyne-
cologist and one radiology resident) groups, reviewed the grayscale US images in two ses-
sions: without AI assistance (session 1) and with AI assistance after a two-week washout pe-
riod (session 2). Diagnostic performance was compared between sessions.
Results The mean area under the curve for all readers significantly improved with AI, in-
creasing from 0.885 to 0.927 (p < 0.001). The inexperienced group demonstrated significant 
improvements in mean sensitivity (56.9%–87.5%, p < 0.001), negative predictive value (NPV) 
(77.9%–90.1%, p < 0.001), and accuracy (76.1%–84.4%, p = 0.005). However, no significant 
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improvements were observed for the experienced readers (all p-values > 0.05). 
Conclusion The AI system for breast US significantly enhanced the diagnostic performance of inex-
perienced readers, augmenting sensitivity, NPV, and accuracy, while experienced readers demon-
strated minimal improvement, likely due to their already high baseline performance.

Index terms ‌�Breast; Cancer; Ultrasonography; Artificial Intelligence; Computer-Assisted Diagnosis

INTRODUCTION

Breast cancer is the most prevalent cancer and the principal cause of cancer-related deaths 
among women worldwide (1). Breast ultrasonography (US) serves as an essential imaging 
tool for detecting breast cancer (2) and is particularly valuable for characterizing symptomat-
ic breast masses or lesions identified through physical examination or other imaging modali-
ties (3). Breast US findings were interpreted according to the American College of Radiology 
Breast Imaging Reporting and Data System (BI-RADS), which offers a standardized sono-
graphic lexicon and final assessment categories aligned with patient management guidelines 
(4). Despite efforts for standardization, breast US remains highly operator-dependent, with 
the interpretation of findings varying considerably among readers (5, 6). Moreover, breast US 
has been criticized for its high false-positive rate, which can lead to unnecessary biopsies 
and heightened patient anxiety (7, 8). In this era of advanced technology, AI-based computer-
aided diagnosis and detection (CAD) systems have been developed to assist clinicians across 
various medical imaging fields, including breast US. The role of AI-CAD in breast US has 
been evaluated in several studies, showing enhanced performance among readers, particu-
larly those with less experience (9-13).

Currently, several AI-based CAD systems are commercially available for breast US and are 
being integrated into real-world clinical practice (14-21). Most AI systems focus on the differ-
ential diagnosis of lesions based on a region of interest (ROI) that is manually delineated by 
the user. However, this reliance on manual ROI selection can critically affect interpretation 
outcomes, in addition to introducing variability and potential errors depending on user ex-
pertise and lesion conspicuity. To minimize potential variability in the lesion detection pro-
cess, a weakly supervised algorithm for breast US was developed that eliminates the need for 
readers to designate the area for analysis (22). As this system automatically identifies and vi-
sualizes suspicious lesions, the simultaneous detection and diagnosis process aims to offer 
proactive decision support through the AI system. 

In this pilot study, we assessed the impact of a newly developed AI system that provides si-
multaneous lesion detection and diagnosis on the diagnostic performance of readers with 
varying levels of experience in breast imaging. 

MATERIALS AND METHODS

This retrospective study was approved by the Institutional Review Boards of two institu-
tions (Severance Hospital, IRB No. 1-2022-0045; Konyang University Hospital, IRB No. KYUH 
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2022-10-043), and the requirement for informed consent was waived. 

STUDY POPULATION
The the database of Konyang University Hospital was searched for women who underwent 

breast US between February 2012 and April 2015. During this period, all images were ob-
tained using a single US machine (iU22; Philips Medical Systems, Bothell, WA, USA). To col-
lect US images of malignant and benign breast lesions as well as normal breast parenchyma, 
US examinations were selected based on the following criteria: 1) pathologically confirmed 
breast masses (size ≥5 mm), 2) masses assessed as benign that remained stable for more 
than 2 years of follow-up, and 3) negative examinations from women with no diagnosis of 
breast cancer for more than 2 years. Benign features on breast US were defined according to 
the US lexicon of the BI-RADS, including oval shape, circumscribed margin, parallel orienta-
tion, or simple cysts. In total, breast US examinations from 141 women (mean age, 57.0 years; 
range, 32–86 years) were reviewed for representative US images of breast lesions. Knowing 
the pathologic outcome, one radiologist (K.W.K.) who was not included in the reader study, 
selected a representative image of the diagnosed mass with adequate image quality for AI 
analysis to be included in this study. A total of 285 breast US images were selected, compris-
ing 54 (18.9%) benign masses, 119 (41.8%) malignancies, and 112 (39.3%) normal breast pa-
renchyma. 

AI SYSTEM FOR BREAST US 
A deep learning-based algorithm (CadAI-B for BreastTM, BeamWorks Inc., Daegu, Korea) 

developed to identify lesions on breast US and provide diagnostic recommendations was em-
ployed for this study. This AI system employs a deep neural network for detecting regions 
suspicious of malignancy (computer-aided detection, CADe) and classifies lesions as malig-
nant and non-malignant (computer-aided diagnosis, CADx). The CADe functionality was de-
signed to assist in the identification of suspicious regions within breast US images by highlight-
ing areas of interest through a relevance map. This map provides a pixel-level abnormality 
score, which is effectively visualized as an “AI-heatmap.” The AI heatmap depicts the likelihood 
of malignancy (color highlighted from BI-RADS 4A and higher), where increased probabilities 
are denoted in red. The CADx functionality generates a probability score for malignancy, “Ca-
dAI-score,” ranging from 0%–100%, and provides a BI-RADS assessment using an AI classifier 
calibrated to align with the ACR BI-RADS categorization system. For instance, a CadAI-score 
of 50% was aligned with BI-RADS category 4B. A detailed description of the AI system is pro-
vided in Supplementary Material. Real-time examples of AI system usage are illustrated in 
Supplementary Figs. 1 and 2.

IMAGE REVIEW SESSIONS 
For this study, five readers with varying levels of experience in breast US were recruited. To 

assess the impact of the AI system on all potential users, we included physicians who routine-
ly interpreted breast US images in clinical practice. Of the five readers, three (two board-certi-
fied radiologists with 5 and 6 years of experience and one breast surgeon with 12 years of ex-
perience) were classified in the experienced group with more than 3 years of experience. The 
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remaining two readers (one gynecologist and one second-year radiology resident) were classi-
fied in the inexperienced group with less than 1 year of experience in using breast US in ev-
eryday practice.

A total of 285 breast US images were uploaded to a web system dedicated to this study. Dur-
ing session 1, the five readers independently reviewed the grayscale US images alone and re-
corded their interpretations according to the BI-RADS final assessment (categories 1–5, using 
subcategories 4a, 4b, and 4c) for each US image displayed. After a washout period of 2 weeks, 
session 2 was initiated, during which the readers re-evaluated the US images, with the AI re-
sults displayed concurrently with the grayscale images. After reviewing the original grayscale 
image and AI results, the readers recorded the final assessment, including the BI-RADS cate-
gory, probability of malignancy (POM), and confidence level for the AI results (Fig. 1). The 
confidence level (range: 1–10) reflected the degree of trust that readers placed in the AI re-
sults, with 1 indicating the minimal confidence and 10 indicating the maximal confidence.

DATA AND STATISTICAL ANALYSIS 
The ground truth for the breast images was established as normal, benign, or malignant 

based on histopathological findings or clinical outcomes confirmed over a follow-up period 
exceeding two years. To calculate the positive predictive value (PPV) and negative predictive 
value (NPV), cases classified as malignant were considered positive, whereas those deemed 
benign or normal were considered negative.

The area under the receiver operating characteristic (ROC) curve (AUC) was analyzed using 
a multi-reader multi-case ROC curve model (23). The reader was modeled as a fixed effect, 
and the jackknife resampling method was employed to estimate the covariance structure 
within the model. Using BI-RADS 4a, the diagnostic threshold, indices of sensitivity, specifici-
ty, PPV, NPV, and accuracy were calculated and compared between the two sessions. Logistic 

Fig. 1. Representative image of the web system used for US image review in session 2. For each case, the 
original grayscale US (left) and the AI analysis result (right) are simultaneously displayed in the web system. 
AI results are displayed using a semi-transparent colored heatmap overlay, an AI-provided BI-RADS assess-
ment, and an AI-generated probability score for malignancy (CadAI Score) displayed in the bottom left cor-
ner. After reviewing the original grayscale US and AI results, readers recorded their assessment using the in-
put system in the upper right corner, according to BI-RADS category, probability of malignancy, and 
confidence level for the AI results. 
BI-RADS = Breast Imaging Reporting and Data System, US = ultrasonography
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regression analysis and linear mixed models that included the session as a fixed effect to ac-
count for multiple readings per patient were used to compare diagnostic performance and 
confidence levels, respectively. Further analyses were performed according to experience lev-
el (i.e., experienced vs. inexperienced). 

Statistical analyses were performed using the R package (version 4.3.0, http://www.R-proj-
ect.org). p < 0.05 was considered statistically significant.

Table 1. Demographic Characteristics of the Patients in the Review of 285 Breast US Images

Characteristics Values
Age, yrs 55.8 ± 12.3
Mean size of masses*, mm 15.4 ± 10.2

Benign 10.1 ± 4.4
Malignant 17.9 ± 11.1

Presence of symptoms
Absent 195 (68.4)
Palpable 88 (30.9)
Unknown 2 (0.7)

Final diagnosis (per image)
Negative 112 (39.3)
Benign 54 (18.9)
Malignancy 119 (41.8)

Pathologic diagnosis
Benign† 54 (18.9) 

Adenosis 3 (1.1)
Atypical ductal hyperplasia 1 (0.4)
Fibroadenoma 10 (3.5)
Fibrocystic change 16 (5.6)
Intraductal papilloma 3 (1.1)
LCIS 1 (0.4)
Stromal fibrosis 7 (2.5)
Others‡ 3 (1.1)
Typically benign on US 10 (3.5)

Malignant 119 (41.8)
Carcinoma with apocrine differentiation 4 (1.4)
DCIS 19 (6.7)
Invasive carcinoma, no specific type 5 (1.8)
IDC 88 (30.9)
ILC 2 (0.7)
Mucinous carcinoma 1 (0.4)

Data are presented as n (%) or mean ± standard deviation.
*Mean size of 173 benign and malignant masses.
†Among 54 benign lesions, 44 lesions were pathologically confirmed and 10 showed typically benign fea-
tures on US.
‡Benign “Others” include duct ectasia, adenosis with foam cell collection, fat necrosis and histiocytic reac-
tion, and usual ductal hyperplasia and stromal fibrosis.
DCIS = ductal carcinoma in situ, IDC = invasive ductal carcinoma, ILC = invasive lobular carcinoma, LCIS = 
lobular carcinoma in situ, US = ultrasonography

http://www.R-project.org
http://www.R-project.org
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RESULTS

Table 1 summarizes the demographic features of the 285 US images from the 141 women 
included in this study. Among 285 US cases, 112 (39.3%) were classified as negative, 54 (18.9%) 
as benign, and 119 (41.8%) as malignant. The mean diameter of the 173 benign or malignant 
masses was 15.4 mm (standard deviation: 10.2 mm, range: 6–58 mm). The diameter of malig-
nant masses was significantly larger than that of benign masses (malignant vs. benign: 17.9 ± 
11.1 mm vs. 10.1 ± 4.4 mm, p < 0.001). Moreover, 88 (30.9%) of the masses were palpable. Of 
the 54 benign lesions, 44 were surgically confirmed, including five high-risk lesions, one case 
of atypical ductal hyperplasia, three of intraductal hyperplasia, and one of lobular carcinoma 
in situ. Of the 119 malignant lesions, 100 were invasive cancers, meanwhile, 19 were ductal 
carcinomas in situ.

COMPARISON OF AUCS WITH AND WITHOUT AI SUPPORT
Table 2 and Fig. 2 demonstrate the changes in the AUCs before and after using AI for breast 

US interpretation. For the two inexperienced readers, the AUCs significantly increased with 
AI support: 0.753 (95% confidence interval [CI]: 0.699, 0.807) to 0.900 (95% CI: 0.862, 0.938) and 
0.865 (95% CI: 0.823, 0.908) to 0.922 (95% CI: 0.889, 0.956) (p < 0.001 and p < 0.003, respectively). 
For the three experienced readers, the AUCs did not change significantly when AI was used 
for US interpretation (p = 0.214, 0.825, and 0.796, respectively). Additionally, the AUC for stand-
alone AI was 0.916 (95% CI: 0.881, 0.951). 

The mean AUC for all readers improved significantly from 0.885 (95% CI: 0.857, 0.913) to 
0.927 (95% CI: 0.901, 0.953) (p < 0.001) following the use of AI assistance. In the sub-analysis 
according to experience level, the mean AUC for the inexperienced group revealed a signifi-
cant increase after using AI, from 0.809 (95% CI: 0.876, 0.850) to 0.911 (95% CI: 0.877, 0.945) 
(p < 0.001). However, the mean AUC of the experienced group did not exhibit significant dif-

Table 2. Comparison of AUCs for Readers Before and After Using AI in US Interpretation

Reader
AUC

Difference p-Value
Without AI With AI

R1 0.927 (0.895, 0.959) 0.934 (0.904, 0.964) -0.007 (-0.018, 0.004) 0.214
R2 0.944 (0.917, 0.971) 0.946 (0.919, 0.973) -0.002 (-0.017, 0.014) 0.825
R3 0.937 (0.910, 0.963) 0.933 (0.904, 0.963) 0.003 (-0.023, 0.029) 0.796
R4 0.753 (0.699, 0.807) 0.900 (0.862, 0.938) -0.147 (-0.200, -0.095) <0.001
R5 0.865 (0.823, 0.908) 0.922 (0.889, 0.956) -0.057 (-0.094, -0.020) 0.003
AI - 0.916 (0.881, 0.951) - -
All readers* 0.885 (0.857, 0.913) 0.927 (0.901, 0.953) -0.042 (-0.060, -0.024) <0.001
Inexperienced group† 0.809 (0.768, 0.850) 0.911 (0.877, 0.945) -0.102 (-0.139, -0.065) <0.001
Experienced group‡ 0.936 (0.912, 0.960) 0.938 (0.914, 0.961) -0.002 (-0.013, 0.009) 0.749
Data are presented as 95% confidence intervals in parentheses.
*Mean value of all 5 readers.
†Mean value of the 2 inexperienced readers.
‡Mean value of the 3 experienced readers.
AUC = area under the curve, US = ultrasonography
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ferences before and after using AI, 0.936 (95% CI: 0.912, 0.960) vs. 0.938 (95% CI: 0.914, 0.961), 
respectively (p = 0.749). 

DIAGNOSTIC PERFORMANCES WITH AND WITHOUT AI SUPPORT 
ACCORDING TO EXPERIENCE LEVEL

Table 3 details the diagnostic performances of readers before and after using AI according 
to experience level. Diagnostic performances of standalone AI are as follows: sensitivity 
89.2% (95% CI: 83.6, 94.7), specificity 82.4% (95% CI: 76.6, 88.2), PPV 78.7% (95% CI: 71.8, 
85.6), NPV 91.3% (95% CI: 86.7, 95.8), and accuracy 85.3% (95% CI: 81.1, 89.4). The mean sen-
sitivity of all readers significantly increased with AI assistance, rising from 79.5% (95% CI: 
74.5, 84.5) to 86.8% (95% CI: 81.9, 91.7) (p = 0.040, Fig. 3), respectively. The inexperienced 
group demonstrated significant improvements in sensitivity, increasing from 67.9% (95% CI: 
61.1, 74.7) to 87.5% (95% CI: 81.8, 93.2), NPV, from 77.9% (95% CI: 72.3, 83.4) to 90.1% (95% 
CI: 85.4, 94.7), and accuracy, from 76.1% (95% CI: 72.0, 80.3) to 84.4% (95% CI: 80.4, 88.4), af-
ter using AI for US interpretation (all p-values <0.05). However, none of the diagnostic indices 
demonstrated significant differences before and after using AI in the experienced group (all 
p-values >0.05, respectively). 

CONFIDENCE LEVELS FOR THE AI ASSESSMENTS OF US IMAGES
The mean confidence level of all readers in the AI results was 7.96 ± 2.30. For experienced 

readers, the mean confidence level in the AI results was 7.25 ± 2.33, which was significantly 
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          R4-5

Fig. 2. A diagram illustrating the AUC values for the five readers and the AI system. Curves for the experi-
enced readers are displayed in green, inexperienced readers in blue, and AI in red. When compared to the 
AUC of readers interpreting ultrasonography images without AI (Session 1), the AUC for the inexperienced 
readers (R4-5, blue line) significantly improved (Session 2), reaching levels comparable to those of the expe-
rienced readers (R1-3, green line) using AI. 
AUC = area under the curve, FPR = false positive rate, TPR = true positive rate
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lower than that of inexperienced readers, 9.03 ± 1.78 (p < 0.001). Table 4 summarizes the 
mean confidence scores according to the final pathological diagnosis and compares them 
between reader subgroups. The difference in confidence levels between the experienced and 
inexperienced groups varied significantly according to the final pathology (p for interaction = 
0.020). According to the sub-analysis of each final diagnosis, both the experienced and inex-
perienced groups demonstrated significantly higher confidence for negative images com-
pared to those containing either benign or malignant lesions (all p-values < 0.05). Experi-
enced readers exhibited higher mean confidence levels for malignant lesions than for benign 
lesions 7.042 (95% CI: 6.794, 7.289) vs. 6.164 (95% CI: 5.791, 6.536), respectively (p = 0.0001). 
Inexperienced readers did not demonstrate a significant difference in mean confidence levels 
for benign and malignant lesions, 8.425 (95% CI: 7.999, 8.850) vs. 8.891 (95% CI: 8.608, 9.174), 
respectively (p = 0.074).

DISCUSSION 

In this pilot study, we evaluated a recently developed CADe/x system for breast US that auto-

Table 3. Diagnostic Performances of Readers Before and After Using AI for Breast US Interpretation Accord-
ing to Experience Level

Without AI With AI Difference p-Value
Sensitivity, %

All readers* 79.5 (74.5, 84.5) 86.8 (81.9, 91.7) -7.3 (-14.3, -0.3) 0.040
Inexperienced group† 67.9 (61.1, 74.7) 87.5 (81.8, 93.2) -19.6 (-28.5, -10.7) <0.001
Experienced group‡ 87.2 (82.5, 91.9) 86.4 (81.4, 91.4) 0.8 (-6.1, 7.7) 0.813

Specificity, %
All readers* 85.8 (81.8, 89.8) 85.7 (81.4, 90.0) 0.1 (-5.7, 6.0) 0.968
Inexperienced group† 82.1 (77.1, 87.2) 82.1 (76.6, 87.7) 0 (-7.5, 7.5) >0.999
Experienced group‡ 88.3 (84.6, 91.9) 88.1 (84.2, 91.9) 0.2 (-5.1, 5.5) 0.941

PPV, %
All readers* 80.3 (74.4, 86.2) 81.5 (75.7, 87.3) -1.2 (-9.5, 7.1) 0.770
Inexperienced group† 73.4 (66.0, 80.8) 78.1 (71.3, 84.8) -4.6 (-14.7, 5.4) 0.365
Experienced group‡ 84.4 (79.2, 89.6) 84.1 (78.7, 89.5) 0.3 (-7.2, 7.9) 0.926

NPV, %
All readers* 85.2 (80.9, 89.5) 89.9 (86.0, 93.9) -4.8 (-10.6, 1.1) 0.113
Inexperienced group† 77.9 (72.3, 83.4) 90.1 (85.4, 94.7) -12.2 (-19.4, -4.9) <0.001
Experienced group‡ 90.5 (86.7, 94.3) 89.9 (85.9, 93.9) 0.6 (-4.9, 6.1) 0.837

Accuracy, %
All readers* 83.2 (80.1, 86.3) 86.2 (83.0, 89.4) -3.0 (-7.5, 1.5) 0.189
Inexperienced group† 76.1 (72.0, 80.3) 84.4 (80.4, 88.4) -8.2 (-14.0, -2.4) 0.005
Experienced group‡ 87.8 (84.9, 90.8) 87.4 (84.3, 90.4) 0.5 (-3.8, 4.7) 0.829

Data are presented as 95% confidence intervals in parentheses.
*Mean value of all readers. 
†Mean value of the inexperienced group. 
‡Mean value of the experienced group.
NPV = negative predictive value, PPV = positive predictive value, US = ultrasonography
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Fig. 3. Diagnostic performances of standalone AI and readers in breast ultrasonography interpretation stratified by AI support and reader ex-
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Table 4. Mean Confidence Levels of Readers in AI-Assisted Assessments According to Final Pathology 

Final Diagnosis 
p* p† p‡

Negative Benign Malignant

Inexperienced group 9.469 (9.176, 9.761) 8.425 (7.999, 8.850) 8.891 (8.608, 9.174) <0.001 0.005 0.074

Experienced group 7.988 (7.732, 8.245) 6.164 (5.791, 6.536) 7.042 (6.794, 7.289) <0.001 <0.001 <0.001

Data are presented as 95% confidence intervals in parentheses.
*Comparison between negative and benign results. 
†Comparison between negative and malignant results. 
‡Comparison between benign and malignant results.

matically detects and characterizes lesions according to the ACR BI-RADS final assessments 
used in our practice, and assessed its impact on readers’ diagnostic performance across vari-
ous experience levels. The mean AUC of the readers significantly increased after AI use 
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(0.885–0.927, p < 0.001). When analyzed by the experience level, the AUC of inexperienced 
readers significantly increased after using AI, whereas the AUC of experienced readers re-
mained unchanged. Inexperienced readers demonstrated significant improvements in mean 
sensitivity, NPV, and accuracy after using AI for US interpretation; however, in experienced 
readers, no significant differences were observed in the diagnostic indices with AI support.

The results of our study align with those of previous studies where CAD systems enhanced 
AUCs specifically for inexperienced readers (12, 14, 15, 24). In our results, the AUCs of the 
two inexperienced readers significantly improved from 0.753 to 0.900 and 0.865 to 0.922, re-
spectively (p < 0.001 and 0.003, respectively), approaching the standalone AI’s AUC of 0.916 
(Fig. 2). Consistent with the findings of the previous studies, the AUCs of the experienced 
readers did not change significantly with the use of AI. This aligns with our expectations that 
AI would have less impact on experienced readers, who had already achieved high diagnostic 
performance (AUC without AI: 0.927, 0.944, and 0.937, respectively), exceeding the perfor-
mance of the standalone AI system.

Unlike previous studies that reported improvements in the specificity and accuracy with AI 
support (9-11), our study demonstrated enhancements in the mean sensitivity, NPV, and accu-
racy among inexperienced readers. At the same time, no significant changes were observed in 
any diagnostic indices for experienced readers (Fig. 3, Supplementary Fig. 3). These distinct 
findings may be attributed to the AI-generated results. The CAD systems described in previ-
ous studies presented results in dichotomized categories (possibly benign or possibly malig-
nant) or four-scale classifications (benign, probably benign, suspicious, and probably malig-
nant), with the regions of interest designated either manually by the reader or marked by the 
system using squares (Supplementary Table 1). Unlike prior CAD systems, the AI system used 
in this study automatically displays analysis results using colored heatmaps that visually rep-
resent the level of suspicion along with the specific “AI-provided BI-RADS” categories, includ-
ing detailed subcategories within BI-RADS 4 (Fig. 1). This intuitive and visually detailed pre-
sentation may have contributed to increased sensitivity by enhancing the readers’ ability to 
recognize subtle findings, especially for those with less experience. Our results suggest that 
detailed visual integration of BI-RADS categories through an AI-generated heatmap can mean-
ingfully enhance reader sensitivity and improve interpretation quality. Further studies are es-
sential to explore how various display modes may affect the diagnostic performance and in-
terpretation consistency, potentially leading to an optimized CAD design for clinical use.

To assess the value readers attributed to the AI results, we analyzed their confidence levels 
for each image’s AI-generated output. The mean confidence level of experienced readers was 
significantly lower than that of inexperienced readers (7.25 vs. 9.03, p < 0.001), demonstrating 
that experienced readers relied less on AI results compared to inexperienced readers. When 
analyzed according to the final pathology, both the experienced and inexperienced groups 
demonstrated significantly higher confidence levels for negative images than for those with 
either benign or malignant lesions (all p-values < 0.001) (Table 4). The high NPV of the stand-
alone AI system (91.3%) may explain the elevated confidence levels observed, which likely 
contributed to the increase in the mean NPV across all readers (Fig. 3D). In addition, experi-
enced readers had significantly higher mean confidence levels for images containing malig-
nant lesions compared to those with benign lesions (p < 0.001). This indicates that AI-generat-
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ed outputs may serve as complementary tools for experienced readers, particularly to 
reinforce their assessment of malignant lesions. 

Several recent publications have reported three Food and Drug Administration-approved, 
commercially available AI-CAD systems for handheld breast US (Supplementary Tables 1, 2). 
Three studies reported that the AUCs of inexperienced readers increased significantly after us-
ing AI to interpret breast US images (11, 12, 24). In contrast to these studies, one evaluating per-
formance changes among nine breast radiologists reported no significant differences in the 
mean AUC in the original AI setting (16). Specifically, AI-CAD systems increase the specificity 
and accuracy of users, although the degree of improvement varies depending on the experi-
ence level (9-12, 14). In addition to enhancing diagnostic performance, studies have demon-
strated that using AI reduces the frequency of unnecessary biopsies (12, 13), improves intra- 
and inter-observer agreement (10, 11, 15, 24), and reduces interpretation time, thereby 
enhancing work efficiency (14). Based on the results of previous research and our pilot study, 
AI, irrespective of the specific system used, has the potential to enhance the diagnostic accura-
cy for inexperienced readers while also improving workflow efficiency in daily practice. 

This study has several limitations. First, the study employed a retrospective design using 
static US images rather than dynamic videos, which did not replicate a true clinical setting. 
Additionally, the readers were not provided with information such as patient symptoms, risk 
factors, and results from other imaging modalities. Second, representative US images of 
pathologically diagnosed masses with adequate image quality were selected from a consecu-
tive study population, which may have caused a selection bias. As this was a pilot study evalu-
ating the effect on readers with varying levels of experience, this limitation was unavoidable, 
though it may not fully reflect real-world outcomes. Third, the AI analysis results are present-
ed in three formats: AI heatmap, AI score, and AI-provided BI-RADS, all displayed simultane-
ously to the readers. In the present setting, assessing which information influenced the read-
ers’ interpretations the most was difficult. Third, the data were collected from a small number 
of patients with a high malignancy rate, which lacked generalizability. Future prospective 
studies with large sample sizes and AI systems integrated into actual clinical environments 
are required.

This pilot study demonstrated that the AI system for breast US significantly enhanced the di-
agnostic performance, particularly for inexperienced readers, by improving the sensitivity, NPV, 
and accuracy. Although experienced readers exhibited minimal improvement due to their high 
diagnostic accuracy, the AI system’s visual outputs may have contributed to improved detection 
among less experienced readers. Future studies with large sample sizes and integration into re-
al-world clinical workflows are necessary to validate these findings and optimize the imple-
mentation of AI in breast US interpretation. 
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임상 경력에 따른 유방 초음파 인공지능 판독 시스템의 
활용 효과를 보기 위한 파일럿 연구

김지연1 · 한경화2 · 김금원3 · 김원화4,5 · 김재일5,6 · 윤정현1*

목적 임상 경험 수준에 따라 유방 초음파 판독에서 상용화된 인공지능(이하 AI) 시스템 사용

의 이점을 비교하였다.

대상과 방법 2012년 2월부터 2015년 4월까지 141명의 여성에서 얻은 285개의 유방 병변을 대

상으로 연구를 진행하였다. 딥러닝 기반 AI 시스템으로 병변을 탐지 및 진단하였으며, 숙련

자(유방 영상의 2명, 외과의 1명)와 비숙련자(산부인과 의사 1명, 영상의학과 전공의 1명)로 

구성된 5명의 판독의가 초음파 이미지를 판독하였다. 첫 번째 세션에서는 AI 없이, 두 번째 

세션에서는 AI 판독 결과를 참고하여 동일 이미지를 판독하였다. 각 세션의 판독 진단 성능

을 계산 및 비교하였다.

결과 AI 사용 후 판독의 전체의 평균 ROC 곡선하 면적(area under the receiver operating 

characteristic curve; 이하 AUC)은 0.885에서 0.927로 유의미하게 향상되었다(p < 0.001). 비숙

련자는 민감도(56.9%에서 87.5%), 음성 예측도(77.9%에서 90.1%), 정확도(76.1%에서 84.4%)

에서 유의미한 향상을 보였으나, 숙련자는 진단 지표에서 유의미한 차이를 보이지 않았다. 

결론 AI 시스템은 비숙련자 판독의들의 AUC, 민감도, 음성 예측도, 정확도를 향상시켰으나, 

숙련자 그룹에서는 유의미한 변화가 없었다.
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