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Abstract: Objective To evaluate the diagnostic value of a deep learning visualization model based on breast ultrasound
images in assisting junior sonographers to differentiate benign and malignant breast nodules. Methods The clinical data and
ultrasound images from 420 pathologically confirmed breast nodule cases identified through screening at Shanghai Sixth
People s Hospital from September 2022 to September 2024 were collected. Patients were randomly divided into a training
set (n=294) and an independent test set (n7=126) in a 7 to 3 ratio. Six end-to-end deep learning models (VGG16, GoogleNet,
AlexNet, ResNet50, Vision Transformer, DenseNetl121) were constructed and compared using the training set images.
Performance was evaluated using the area under the receiver operating characteristic (ROC) curve (AUC) , accuracy, sensitivity,
specificity, precision, and F1 value (harmonic average of accuracy and recall). The optimal model was selected and used to
generate visualizations. Employing a self- controlled before- after design, a junior sonographer independently interpreted the
test set images blinded to pathological results, assigning Breast Imaging Reporting and Data System (BI-RADS) categories.
After a two-week washout period, the same junior sonographer re-interpreted the same images with the assistance of the
ResNet50 visualization model. Diagnostic performance metrics were calculated and compared for the junior sonographer
under independent and model- assisted reading conditions. Results The ResNet50 model demonstrated optimal performance
on the training set, achieving an AUC of 0.937 (95%C/ 0.911-0.962) , with accuracy, sensitivity, specificity, precision, and F1
values of 0.864, 0.863, 0.865, 0.863 and 0.863, respectively. The core diagnostic performance metrics of the model surpassed
those of the participating sonographer. With the assistance of ResNet50 visualization heatmaps, the AUC, accuracy, sensitivity,
and specificity of junior sonographer in the second reading of breast nodule diagnosis increased from the initial 0.597, 59.5%,
80.8%, 38.5% to 0.904, 90.5%, 84.9%, and 95.9%, respectively. Conclusion Deep learning visualization models based on breast
ultrasound images, such as ResNet50, exhibit strong capability in differentiating benign and malignant breast nodules. These
models effectively assist junior sonographers by improving diagnostic sensitivity and overall performance, serving as valuable
auxiliary tools to enhance standardized diagnostic skills and potentially shorten training cycles.
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Breast cancer is one of the most common malignant

tumors threatening women’s health [1]. According to
global cancer statistics in 2022, breast cancer accounted
for 11.6% of all newly diagnosed malignant tumors
worldwide, ranking second only to lung cancer in overall
incidence [2]. It remains the leading cause of
cancer-related mortality among women aged 20 to 59
years [3]. Early screening and diagnosis are critical for
optimizing long-term prognosis.
Given its non-invasiveness, wide accessibility and
cost-effectiveness, ultrasonography is strongly
recommended as a core imaging modality for
population-based  breast cancer screening [4-5].
Standardized diagnosis and treatment for early breast
cancer can significantly elevate the 5-year survival rate
(>90%) and improve patients’ quality of life [6].

The Breast Imaging Reporting and Data System
(BI-RADS), established by the American College of
Radiology (ACR), provides a standardized framework for
the clinical management of breast lesions [7].
Nevertheless, substantial inter-observer and
intra-observer variability widely exists in practical
BI-RADS application [8]. Breast ultrasonography

diagnosis is highly operator-dependent and limited by the
subjectivity of image interpretation [9].

Multiple clinical studies have confirmed that junior
radiologists exhibit significantly lower diagnostic
accuracy, sensitivity and specificity compared with senior
physicians [10-12]. Such discrepancies are particularly
prominent in the differential diagnosis of BI-RADS
category 3—4 lesions. These lesions carry an intermediate
malignant risk (category 3: 0-2%; category 4A:
2%—-10%).

Diagnostic uncertainty regarding their benign or
malignant nature frequently leads to overtreatment or
delayed intervention [13-14], highlighting an urgent
demand for objective and precise auxiliary tools to refine
clinical decision-making.

Deep learning, as a core branch of artificial
intelligence, simulates human cognitive mechanisms via
multi-layer neural networks and autonomously extracts
hierarchical high-dimensional features from massive
datasets, demonstrating powerful capabilities in pattern
recognition and classification within medical image
analysis [15]. To address the "black-box" limitation of
conventional deep learning models, visual interpretability
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techniques, such as gradient-weighted class activation
mapping (Grad-CAM) and saliency mapping, have been
developed. These visualized approaches intuitively
highlight the key imaging regions contributing to model
decision-making [10], thereby greatly enhancing model
interpretability and clinical acceptability. In recent years,
deep learning techniques have achieved breakthrough
advances in breast ultrasound research, with validated
feasibility in lesion detection, benign and malignant
differentiation, and molecular subtype prediction [16-18].
Although existing studies have verified the diagnostic
efficacy of deep learning in breast lesion classification,
the clinical value of visualized deep learning models for
assisting junior radiologists remains systematically
unevaluated.

This study aimed to explore the optimizing effects of
a breast ultrasound-based visualized deep learning model
on the diagnostic performance of junior physicians
through rigorous controlled human-machine comparative
trials.

1 Materials and Methods

1.1 General Data

Female patients with breast nodules categorized as
BI-RADS 3-4 on routine ultrasonography were
retrospectively  enrolled from September 2022 to
September 2024 at Shanghai Sixth People’s Hospital.
Inclusion criteria were as follows: (1) Definitive
pathological results obtained via surgical resection or core
needle biopsy; (2) Breast ultrasonography performed
within 2 weeks before biopsy or surgery, with clear and
complete two-dimensional grayscale images of the target
nodule, complete imaging reports and integrated
clinical-pathological data; (3) Target lesions classified as
BI-RADS 3, 4A, 4B or 4C in accordance with the 2nd
edition of the ACR BI-RADS atlas [7]. Exclusion criteria
included:(1) Ambiguous or undetermined pathological
findings; (2) Excessively large tumors with incomplete
image display; (3) Preoperative anti-tumor treatment
including chemotherapy, radiotherapy or endocrine
therapy; (4) Incomplete imaging or clinical information.

A total of 420 eligible patients were finally enrolled,
with an age range of 18-88 years and a mean age of
(48.67£14.90) years. Clinical baseline characteristics
including age, tumor size and postoperative pathological
results were collected. To ensure statistical independence
of each evaluation, for patients with multiple synchronous
BI-RADS 3-4 breast lesions, only the lesion with the
highest BI-RADS category was defined as the target
nodule. All enrolled patients were randomly divided into
a training set (n=294) and a test set (n=126) at a 7:3 ratio.
This retrospective study was approved by the Ethics
Committee of Shanghai Sixth People’s Hospital (No:
2019-027), and the requirement for written informed
consent was waived.

1.2 Research Methods

1.2.1 Ultrasonographic Examination

Ultrasonographic examinations were performed
using S2000 ultrasound systems (Siemens, Germany) and
GE  ultrasound scanners, with a consistent probe
frequency of 4-9 MHz. All patients underwent routine
breast ultrasonography in the supine position within 2
weeks before surgery. Transverse and longitudinal
scanning was performed for each target breast nodule.
After acquiring high-quality two-dimensional images, the
maximum cross-sectional view of each lesion was
captured and stored in DICOM format. Basic information
including lesion size, location and ultrasonic
characteristics was simultaneously documented.

1.2.2 Image Preprocessing and Deep Learning Model
Construction

Qualified breast ultrasound images were converted
from DICOM to JPEG format.Given variations in image
resolution from different ultrasound devices, all images
were uniformly resized to 1024x1024 pixels. The
open-source annotation tool LabelMe
(http://labelme.csail.mit.edu/Release3.0) was used for
manual labeling based on pathological golden standards,
with malignant lesions labeled as "1" and benign lesions
labeled as "0", and corresponding JSON files were
generated for model training. Multiple deep learning
backbones were applied for feature extraction and lesion
classification. Each network was equipped with 512 fully
connected layers, 2 output neurons and a softmax
activation function at the top convolutional layer to
output artificial intelligence (AI) scores for benign and
malignant differentiation. ~The softmax function
guaranteed that the sum of Al scores for benign and
malignant classification of a single lesion equaled 1. The
receiver operating characteristic (ROC) curve was
adopted to evaluate the diagnostic performance of the
ultrasound-based deep learning model, and external
validation was conducted in the test cohort. The area
under the curve (AUC) and other quantitative indicators
were compared to screen the optimal model for visual
interpretation. Six mainstream deep learning backbones
were compared, including GoogleNet, VGG16, AlexNet,
ResNet50, Vision Transformer and DenseNetl21.
ResNet50 yielded the highest AUC value in validation
cohorts and was ultimately selected as the feature
extraction backbone for model construction.

1.2.3 Diagnostic Evaluation by Junior Radiologists

All breast lesions were independently assessed and
graded according to standardized ACR BI-RADS criteria
[7] by a single junior radiologist for initial benign and
malignant differentiation. Binary diagnostic classification
was defined as follows: BI-RADS 3/4A lesions were
classified as benign, while BI-RADS 4B/4C lesions were
classified as malignant. After a 2-week washout period,
the same junior physician re-evaluated all images with the
assistance of the Al visualized auxiliary diagnosis system.
Lesion localization, morphological analysis, total lesion
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number, anatomical location and maximum diameter
were recorded in the second evaluation. Diagnostic
results from the two independent reading sessions were
summarized for subsequent comparative analysis.

1.3 Statistical Analysis

All statistical analyses were performed using R

learning architectures was comprehensively compared
(Table 2). ResNet50 achieved superior performance in
terms of AUC, accuracy (except for the DenseNetl21
training set) and sensitivity. The AUC values of the
ResNet50 model reached 0.937 (95%CI: 0.911-0.962) in
the training set and 0.891 (95%CI: 0.833-0.948) in the
test set (Figure 1). Therefore, ResNet50 was determined
as the final backbone architecture, and multi-form visual

heatmaps were generated for auxiliary radiological
reading (Figure 2).

software and SPSS 26.0, with pathological results
regarded as the gold standard. Normality and
homogeneity of variance tests were conducted for

quantitative data. Normally distributed continuous Tab.1 Comparison of general data between two sets [ case (%) ]

variables were expressed as mean+standard deviation, Ttem Training set Test set v P
: : : (n=294) (n=126) value value

and intergroup differences were compared using the

. g P . P . g Age (years)? 49.18+14.65 47.49+15.48  1.065 0.287

independent sample ¢-test. Categorical variables were N :

; gdule diameter 18.52+8.68 20.17£12.84  1.319  0.189
presented as case numbers and percentages, with the (mm)* DSES. : : : :
chi-square test for intergroup comparison. The DeLong Nodule location 213 0.144
test (MedCalc 20.01) was used for pairwise comparison Left 122(41.50) 62(49.21)
of AUC values between different models. The Z-test was Right 172(58.50) 64(50.79)
applied to compare ROC-derived AUC indicators. BI-RADS classification 0.005  0.946
Intraclass correlation coefficient (ICC), Spearman rank Category 3, 4A 197(67.01) 84(66.67)
correlation analysis and Z-score normalization were Category 4B, 4C 97(32.99) 42(33.33)
completed using Python 3.10. A two-tailed P<0.05 was Pathological results 0.131  0.717
considered statistically significant. Benign 148(50.34) 61(48.41)

Malignant 146(49.66) 65(51.59)
2 Results
Model: resnet50
2.1 Baseline Characteristic Comparison L0 TTTIITTR R T e e
A total of 420 patients with breast nodules were " e

enrolled in this study, including 281 cases of BI-RADS
3/4A lesions and 139 cases of BI-RADS 4B/4C lesions.
Postoperative pathological confirmation identified 209
benign lesions and 211 malignant lesions. No significant
differences were observed in age, lesion location, nodule
diameter, BI-RADS classification or pathological
distribution between the training set and test set (P>0.05)
(Table 1). 02

e
o

Sensitivity

o

s Train AUC: 0.937 (95%C1 0.911-0.962)
= Val AUC: 0.891 (95%C1 0.834-0.949)

2.2 Diagnostic Performance Improvement Assisted
by the Visualized Deep Learning Model

00 02 04 06 08 1.0
1 - Specificity

Fig.1 ROC curves of training set and test set
To select the optimal model for breast lesion
differentiation, the diagnostic performance of six deep
Tab.2 Diagnostic efficiency of different deep learning models

Deep learning model Group AUC (95%CI) Accuracy Sensitivity Specificity Precision F1-score
VGG16 Training set 0.839(0.794~0.884) 0.786 0.733 0.838 0.817 0.773
Test set 0.812(0.735~0.888) 0.77 0.754 0.787 0.79 0.772
Google Net Training set 0.805(0.754~0.855) 0.752 0.692 0.811 0.783 0.735
Test set 0.825(0.750~0.899) 0.77 0.662 0.885 0.86 0.748
AlexNet Training set 0.760(0.705~0.814) 0.704 0.562 0.845 0.781 0.653
Test set 0.789(0.709~0.868) 0.754 0.646 0.869 0.84 0.73
ResNet50 Training set 0.937(0.911~0.962) 0.864 0.863 0.865 0.863 0.863
Test set 0.891(0.833~0.948) 0.841 0.769 0.918 0.909 0.833
Vision Transformer Training set 0.562(0.496~0.628) 0.582 0.253 0.905 0.725 0.376
Test set 0.631(0.533~0.727) 0.603 0.338 0.885 0.759 0.468
Dense Net121 Training set 0.933(0.905~0.960) 0.867 0.788 0.946 0.935 0.855
Test set 0.879(0.816~0.941) 0.833 0.815 0.852 0.855 0.835
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Compared with initial independent reading, the
visualized deep learning model significantly improved
comprehensive diagnostic efficiency. In the training set,
the overall accuracy, sensitivity and specificity reached
0.864, 0.863 and 0.865, respectively. Corresponding
indicators in the test set were 0.841, 0.769 and 0.918.

Further comparative analysis demonstrated that with
visualized Al assistance, the junior physician achieved
significantly higher accuracy, sensitivity, specificity,
precision and Fl-score in breast lesion differentiation
than initial unaided reading, with statistically significant
differences (P<0.05) (Table 3).

Tab.3 Human-machine comparison before and after Al assistance

Category Accuracy AUC (95%CI) Sensitivity  Specificity  Precision  Fl-score
Deep learning visualization model 0.864 0.937(0.911~0.962) 0.863 0.865 0.863 0.863
Junior physicians 0.595 0.597(0.545~0.647) 0.808 0.385 0.565 0.665
Junior physicians assisted by deep learning visualization model 0.905 0.904(0.871~0.937) 0.849 0.959 0.965 0.899
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Note: A is the visualization heatmap of malignant nodules; B is the visualization heatmap of benign nodules.
Fig.2 Visualization heatmap of ResNet50 model

3 Discussion

Based on ultrasound images from 420 patients with
breast nodules, this study compared the differential
performance of multiple deep learning models and
validated the clinical value of a ResNet50-based
visualized interpretable system in improving the
diagnostic capacity of junior radiologists. The ResNet50
model exhibited robust and stable diagnostic efficacy in
both training and test cohorts. With heatmap-based visual
assistance, the overall diagnostic accuracy of the junior
physician increased remarkably from 59.5% to 90.5%,
accompanied by synchronous improvements in sensitivity,
specificity, precision and Fl-score. These findings not
only validate the tremendous potential of deep learning in
breast imaging diagnosis but also provide -clinical
evidence for human-machine collaborative diagnostic
strategies, which is of great public health significance for

optimizing grassroots breast cancer screening workflows
[19].

Common clinical imaging modalities for breast
cancer screening and diagnosis include magnetic
resonance imaging (MRI), ultrasonography and
mammography [20]. Mammography is recognized as a
standardized global screening tool with high sensitivity
for early microcalcification. However, increased breast
density can reduce its sensitivity from 85% to
47.8%—64.4% [21]. Breast ultrasonography features
non-radiation exposure and low cost, making it
particularly suitable for women with dense breasts and
young populations [22]. It presents high detection rates
for solid masses, facilitates the differentiation of cystic
and solid lesions, and enables real-time interventional
puncture guidance. Nevertheless, its limited imaging
resolution and operator-dependent characteristics remain
major limitations [23]. Breast MRI offers excellent
sensitivity for multifocal, multicentric and high-risk
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breast lesions and can detect occult tumors invisible on
mammography and ultrasonography [6], whereas its
widespread application is restricted by high costs,
prolonged examination duration and relatively high
false-positive rates. The inherent limitations of individual
imaging modalities have driven the rapid development of
artificial intelligence and deep learning in breast
radiology.

Compared with manual image interpretation, deep
learning models can analyze imaging details objectively
and consistently, and capture subtle abnormal
morphological patterns imperceptible to the naked eye.
Al-assisted diagnostic systems are expected to serve as an
independent "second reader" [24] for lesion review and
screening sensitivity enhancement.

In recent years, convolutional neural networks
(CNNs) have been widely applied in medical image
classification, target detection and semantic segmentation
[25]. Accumulating evidence has demonstrated that
CNN-based models achieve diagnostic performance
comparable to experienced senior radiologists in lesion
detection and segmentation based on mammography,
ultrasonography and breast MRI [26-27]. Wu et al. [28]
constructed a logistic regression model combining
multi-modal radiomic features from MRI, ultrasound and
mammography with a 5-mm peritumoral region, yielding
an AUC of 0.905 in the test cohort. The ResNet50
visualized model established in the present study using
two-dimensional ultrasound images achieved comparable
or superior predictive performance. Artificial intelligence
not only acts as an independent diagnostic tool but also
effectively elevates the diagnostic level of less
experienced physicians. A prospective clinical study
focusing on the S-Detect system enrolled 216 patients and
reported that the Al system reached a specificity of 92.7%
and an accuracy of 90.4% for breast nodule evaluation.
With Al assistance, the diagnostic sensitivity of junior
radiologists increased from 85.0% to 93.3%, accuracy
improved from 70.4% to 83.9%, and AUC elevated from
0.698 to 0.835, markedly narrowing the diagnostic gap

between physicians with different clinical experience [29].

Consistent with previous research, our study revealed that
visualized ResNet50 assistance increased the junior
physician’s accuracy from 59.5% to 90.5%, sensitivity
from 80.8% to 84.9%, and specificity from 38.5% to
95.9%. The visualized deep learning system can
automatically identify key ultrasonic features of breast
lesions and provide intuitive heatmap prompts, enabling
junior physicians to recognize pathological imaging
characteristics, improve the identification of subtle
lesions and ambiguous images, and enhance diagnostic
sensitivity and specificity [30], thereby shortening the
diagnostic  disparity between junior and senior
radiologists [31]. The "black-box" drawback of
conventional deep learning models hinders their clinical
translation. Various interpretable visualization strategies
have been proposed to address this issue. Grad-CAM
visualization technology has been proven to highlight
critical perilesion structural features in RcdNet and
EfficientNet-B7, ensuring that model-focused regions are

consistent with human diagnostic basis [32-33]. Domain
knowledge-based interpretable frameworks such as
MUP-Net integrate B-mode and color Doppler ultrasound
images, achieving an AUC of 0.902 and significantly
improving diagnostic confidence among beginners
[10].However, systematic reviews indicate that only a
minority of studies have quantified the impact of
interpretable Al models on clinical trust, and most
existing evidence lacks comprehensive evaluation of data
quality, model stability and clinical practicability [34].
Our study confirmed the auxiliary value of interpretability
by verifying improved diagnostic accuracy, while
quantitative assessment of physician trust and acceptance

requires further prospective exploration in future
research.
Several limitations of this study should be

acknowledged. First, the relatively limited sample size of
ultrasound images in the training and test sets may affect
model stability and generalizability. Large-scale
multicenter datasets will be included in further research to
validate model robustness. Second, this is a single-center
retrospective  study. Well-designed  prospective
multicenter trials are essential to comprehensively
evaluate the clinical application value of the visualized Al
model.
Third, only two-dimensional grayscale ultrasound images
were enrolled for model training, without incorporating
three-dimensional imaging features, which may lead to
the omission of partial tumor morphological information.
In conclusion, the two-dimensional ultrasound-based
visualized deep learning model exhibits favorable
efficacy in differentiating benign and malignant breast
nodules.
As a reliable auxiliary tool, it effectively improves the
diagnostic sensitivity and overall performance of junior
radiologists, standardizes breast ultrasound interpretation,
and shortens the professional training cycle for young
physicians.
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Deep learning visualization model for assisting junior sonographers in

differentiating benign and malignant breast nodules
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Abstract: Objective To evaluate the diagnostic value of a deep learning visualization model based on breast
ultrasound images in assisting junior sonographers to differentiate benign and malignant breast nodules. Methods The
clinical data and ultrasound images from 420 pathologically confirmed breast nodule cases identified through screening
at Shanghai Sixth People’s Hospital from September 2022 to September 2024 were collected. Patients were randomly
divided into a training set (n=294) and an independent test set (n=126) in a 7 to 3 ratio. Six end-to-end deep learning
models (VGG16, GoogleNet, AlexNet, ResNet50, Vision Transformer, DenseNet121) were constructed and compared
using the training set images. Performance was evaluated using the area under the receiver operating characteristic
(ROC) curve (AUC), accuracy, sensitivity, specificity, precision, and F1 value (harmonic average of accuracy and

recall). The optimal model was selected and used to generate visualizations. Employing a self - controlled before - after
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design, a junior sonographer independently interpreted the test set images blinded to pathological results, assigning
Breast Imaging Reporting and Data System (BI-RADS) categories. After a two-week washout period, the same junior
sonographer re - interpreted the same images with the assistance of the ResNet50 visualization model. Diagnostic
performance metrics were calculated and compared for the junior sonographer under independent and model - assisted
reading conditions. Results The ResNet50 model demonstrated optimal performance on the training set, achieving an
AUC of 0.937 (95%CI: 0.911-0.962), with accuracy, sensitivity, specificity, precision, and F1 values of 0.864, 0.863,
0.865, 0.863 and 0.863, respectively. The core diagnostic performance metrics of the model surpassed those of the
participating sonographer. With the assistance of ResNet50 visualization heatmaps, the AUC, accuracy, sensitivity, and
specificity of junior sonographer in the second reading of breast nodule diagnosis increased from the initial 0.597, 59.5%,
80.8%,38.5% to 0.904,90.5%,84.9% ,and 95.9%, respectively. Conclusion Deep learning visualization models based
on breast ultrasound images, such as ResNet50, exhibit strong capability in differentiating benign and malignant breast
nodules. These models effectively assist junior sonographers by improving diagnostic sensitivity and overall performance,
serving as valuable auxiliary tools to enhance standardized diagnostic skills and potentially shorten training cycles.

Keywords: Breast nodules; Ultrasonography; Differential diagnosis; Deep learning; Human - machine comparison;
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