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Background: Imaging examination of a breast mass is essential for improving breast cancer detection. 
Previous screening models of benign and malignant breast masses demonstrated a high level of subjectivity 
due to the inability to conduct quantitative evaluations. Thus, this study aimed to construct an objective, 
convenient, and effective nomogram incorporating S-Detect and microvascular flow imaging (MVFI) to 
predict breast cancer risk.
Methods: Female patients with breast masses detected by conventional ultrasound examinations at the 
Second Affiliated Hospital of Anhui Medical University between January 2021 and October 2024 were 
retrospectively analyzed. All patients underwent preoperative assessments with both S-Detect and MVFI. 
The pathological results served as the gold standard for diagnosis. After screening, a total of 724 breast 
masses from 712 patients were randomized into the training (506 masses) and validation (218 masses) groups. 
Univariate analysis assessed patient age, as well as the location, size, vascular index (VI), and S-Detect-based 
diagnosis of the masses. Risk factors for predicting breast cancer were screened using multivariate analysis. 
A nomogram prediction model was then constructed. Diagnostic performance, clinical utilization value, and 
calibration were determined using the receiver operating characteristic (ROC) curve, decision curve analysis 
(DCA), and calibration curve, respectively. Nomogram risk was calculated for each breast mass for risk 
stratification.
Results: The training group included 208 benign and 298 malignant masses, while the validation group 
comprised 85 benign and 133 malignant masses. Multivariate analysis demonstrated that mass size [odds 
ratio (OR) =1.08; P<0.001], age (OR =1.09; P<0.001), VI (OR =1.07; P<0.001), and S-Detect-based diagnosis 
(OR =28.37; P<0.001) were risk factors for predicting breast cancer. The area under the curve (AUC) for the 
nomogram model was significantly greater than that for S-Detect in both the training (0.93 vs. 0.82, P<0.001) 
and validation (0.91 vs. 0.82, P<0.001) groups. The diagnostic sensitivity and specificity of the nomogram 
were 93.3% and 79.8% in the training group, and 98.5% and 72.9% in the validation group, respectively. 
The optimal cut-off value for nomogram risk differentiation between the high-risk and low-risk sets was 
0.495, with a significantly higher proportion of malignant breast masses in the high-risk set compared to that 
in the low-risk set (P<0.001).
Conclusions: This novel nomogram model based on quantitative and objective ultrasound and clinical 
features can quantify the malignancy risk of breast masses, identify high-risk individuals, and provide a 
reference for further examinations. 
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Introduction

Breast cancer is the most prevalent type of cancer 
worldwide in women (1,2). The incidence rates of breast 
cancer in young women are increasing annually in 
numerous countries (3). The type of breast cancer affecting 
young women is often more aggressive compared to that 
in older women and warrants increased attention (4). The 
implementation of breast cancer screening improves the rate 
of early diagnosis, which is a crucial first step in improving 
the prognosis of patients and reducing mortality (5). In 
high-income countries, mammography-based screening is 
considered the most common method for detecting breast 
cancer (6). Over the past few decades, mammography-
based screening has been effective in decreasing breast 
cancer-associated deaths and improving patient prognosis, 
contributing to a >20% reduction in breast cancer mortality 
in women aged 50–69 years (7). Mammography exhibits a 
sensitivity of approximately 85% for the identification of 

breast cancer. However, it is not ideal for women with dense 
breast tissue, and it is sometimes difficult to differentiate 
between diseased and normal tissue with a sensitivity of only 
47.8–64.4% (8). Chinese women have a higher percentage 
of dense breasts, and mammography-based screening has 
significant limitations in this population. A previous multi-
center study demonstrated that ultrasound can be an 
effective tool for screening breast cancer in women with 
dense breasts, exhibiting superior sensitivity and specificity, 
and with a lower cost than mammography (9). In China, 
ultrasound is extensively used for breast cancer screening 
due to its simplicity, lack of radiation exposure, and real-
time dynamics.

Currently, the Breast Imaging Reporting and Data 
System (BI-RADS) serves as a crucial foundation for the 
standardized assessment of breast mass risk (10). However, 
ultrasound also has limitations and requires examination 
with a handheld device by an experienced sonologist. 
The assessment of breast masses is affected by subjective 
factors such as the skill, experience, and diagnostic ability 
of the sonologists, and some atypical breast masses can be 
easily misdiagnosed, especially in some primary healthcare 
services (11). Moreover, the process of breast cancer 
screening is intensive and repetitive, which may lead to 
errors due to personnel fatigue. Several prediction models 
have been developed based on the ultrasound features 
available for distinguishing between benign and malignant 
breast masses. He et al. (12) constructed a prediction 
model of benign and malignant breast masses, which 
included the patient’s clinical features and BI-RADS-based 
ultrasound characteristics as the model predictors. This 
prediction model achieved an area under the curve (AUC) 
of 0.952. However, the model encompasses 12 predictors, 
which increase the workload involved in the breast cancer 
screening process. Furthermore, the ultrasound features, 
including irregular shape, irregular border, heterogeneous 
echo, microcalcification, and attenuation effects, are heavily 
dependent on the subjective assessment of experienced 
sonologists. In the model constructed by Yan et al. (13), 
predictors incorporated both conventional ultrasound 
and contrast-enhanced ultrasound features. This model 
demonstrated high diagnostic performance, achieving 
an AUC of 0.940. However, it is limited by longer exam 
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durations and higher costs of contrast-enhanced ultrasound, 
as well as the potential risk of contrast agent allergy, making 
it unsuitable for mass breast cancer screening.

With the rapid development of technology, many new 
ultrasound methods are gradually being applied in clinical 
practice. Artificial intelligence (AI) has been utilized in 
the analysis of ultrasound images to help diagnose breast 
masses (14). Ultrasound S-Detect technology is based on 
convolutional neural networks and deep learning algorithms 
and is one of the most common AI technologies for 
evaluating breast masses (15). Ultrasound limitations can 
be overcome by using S-Detect, which can automatically 
extract and analyze ultrasound image features based on 
the BI-RADS lexicon, reducing the influence of subjective 
human factors. S-Detect can also objectively provide 
“possibly benign” and “possibly malignant” diagnoses. 
Indeed, a prospective multi-center study demonstrated 
that S-Detect has a high diagnostic value in distinguishing 
between benign and malignant breast masses, with a 
diagnostic AUC of 0.906, which is significantly higher 
than that of both experienced and less experienced 
sonologists (16). Although the performance of S-Detect 
in diagnosing breast lesions varies across studies, all of 
them affirm its clinical value in diagnosing breast cancer 
and its ability to effectively reduce the impact of subjective 
factors on diagnostic results, thereby improving the accuracy 
and reliability of the diagnosis (17). However, S-Detect 
technology cannot analyze the distribution of blood vessels 
within the mass. Breast cancer exhibits significant vascular 
dependency during its onset and progression, with its growth, 
invasion, and metastasis often accompanied by extensive 
angiogenesis (18). Malignant masses generally have a more 
complex and abundant network of blood vessels compared 
to benign masses (19). As a novel ultrasound technology, 
microvascular flow imaging (MVFI) can quickly and non-
invasively visualize low-velocity microvessels within a breast 
mass, while the vascular index (VI) enables quantitative 
evaluation. Previous studies have indicated that the VI can 
help in distinguishing between benign and malignant breast 
masses (18,20). Moreover, the occurrence of breast cancer 
is closely related to age. To the best of our knowledge, 
very few prediction models are based on S-Detect and 
MVFI. Therefore, we try to use these ultrasound features 
to distinguish between benign and malignant breast masses 
by constructing an accurate, convenient, and efficient breast 
cancer prediction model. The model may help to screen 
breast cancer while minimizing the influence of sonologists’ 
subjective judgment. We present this article in accordance 

with the TRIPOD reporting checklist (available at https://
gs.amegroups.com/article/view/10.21037/gs-2024-488/rc).

Methods

Sample size

In the previous study (13), predictive model achieved an 
AUC of 0.94. Using PASS 21.0 software for sample size 
estimation, a significance level of 0.05 and a margin of error 
of 2.5% were specified. The sample size, based on a 1:1 
ratio of benign to malignant masses, is approximately 378. 
Thus, at least approximately 378 masses were required for 
this study.

Patients

The retrospective study was to described in a large 
patient cohort. The study received approval from the 
Medical Research Ethics Committee of the Second 
Affiliated Hospital of Anhui Medical University (No. SL-
YX2022-015) and was conducted in accordance with the 
Declaration of Helsinki and its subsequent amendments. 
Individual consent was waived due to the retrospective 
nature of the analysis. Patients with breast masses detected 
by conventional ultrasound in the Second Affiliated 
Hospital of Anhui Medical University between January 
2021 and October 2024 were identified and further screened 
according to the eligibility outlined below. 

Inclusion criteria: (I) clear pathological findings and 
complete medical history after surgery or puncture biopsy; 
and (II) patients who underwent S-Detect and MVFI 
examinations before surgery. Exclusion criteria: (I) a 
mass >50 mm in diameter; (II) patients who had received 
radiotherapy before the study; and (III) patients who were 
pregnant or are currently breastfeeding. We evaluated 724 
breast masses from 712 female patients in the final analysis. 
The pathology results served as the gold standard for 
confirming the diagnosis. Figure 1 provides a flowchart for 
the screening process.

Ultrasound examinations and image analysis

All breast examinations in the study were conducted 
utilizing a Samsung RS85A ultrasound system (Samsung 
Madison Ltd., Seoul, South Korea) with a 3–12 MHz 
linear probe. The patients were in a supine position with 
both breast areas fully exposed. First, a complete sweep of 

https://gs.amegroups.com/article/view/10.21037/gs-2024-488/rc
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the breast was performed using conventional ultrasound 
to obtain two-dimensional grayscale images of the breast 
mass, recording its features (e.g., size and location). 
Subsequently, both of the maximum sections of the breast 
mass were selected and the S-Detect mode was activated. 
Clicking on the central area of the mass triggered the 
system to automatically identify and outline the mass 
boundary, which was manually adjusted as necessary to 
achieve the appropriate outline. The system then provided 
the diagnosis of “possibly benign” or “possibly malignant”. 
The maximum transverse and longitudinal sections of each 
mass were assessed. The final diagnosis was benign when 
both sections of each mass were diagnosed as “possibly 
benign”. The final diagnosis was malignant if the diagnosis 
in either section was “possibly malignant”. Finally, MVFI 
was used to visualize the blood flow in the mass. The region 
of interest was manually delineated along the boundary of 
the mass in the section exhibiting the richest blood flow, 
with the probe gently placed on the surface to prevent 
the application of any pressure. The quantitative VI was 
calculated automatically by the software. The average of 
three VI measurements was recorded as the final result.

Statistical analysis

Statistical analyses were conducted using SPSS 27.0 and 
R 4.4.0 software. The sample size was estimated using 

PASS 21.0 software. Continuous variables were described 
as means ± standard deviation (SD) or as medians (25th 
percentile, 75th percentile), and categorical variables were 
represented as frequencies (percentages). Categorical 
variables were assessed by the Chi-squared (χ2) test, and 
continuous variables were evaluated using the Mann-
Whitney U test or Student’s t-test. The receiver operating 
characteristic (ROC) curves were plotted to reflect the 
diagnostic performance of the nomogram and S-Detect, 
and the DeLong test was used to compare significant 
differences between the AUC. The optimal cut-off value 
was determined using the maximum Youden index. The 
sensitivity and specificity of the nomogram model at this 
threshold were then calculated. The nomogram model 
was assessed using the Hosmer-Lemeshow test, calibration 
curve, and decision curve analysis (DCA). P value <0.05 was 
considered statistically significant for a two-sided test.

Results

Clinical and ultrasound characteristics

A total of 724 breast masses were evaluated in the study. 
The pathology examination-based diagnosis confirmed 
431 malignant and 293 benign masses. The breast masses 
were randomized at a 7:3 ratio into the training (506 
masses; mean age: 47.81±12.96 years; range, 16–87 years) 
and validation (218 masses; mean age: 47.71±13.54 years; 

Breast masses detected by conventional 
ultrasound in our hospital  

(n=1,245)

Inclusion criteria:
1.	 Masses had undergone S-Detect and MVFI 

examinations before surgery
2.	 Pathological findings and clinical 

information were available

Selected breast masses (n=842)

Exclusion criteria:
1.	 Patients had received radiotherapy before 

the study (n=40)
2.	 Patients were pregnant or currently breast-

feeding (n=33)
3.	 Masses were greater than 50 mm in 

diameter (n=45)

Breast masses enrolled in the study (n=724)

Figure 1 Screening flowchart. MVFI, microvascular flow imaging. 
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range, 17–87 years) groups. The clinical and ultrasound 
characteristics of the breast masses are listed in Table 1. 
No significant differences were observed in any of the 
characteristics between the two groups (P>0.05). Table 2  
shows the univariate risk analysis of the clinical and 
ultrasound characteristics of the training and validation 
groups. There was no correlation between the location of 
the mass and its malignancy or benignity (P>0.05). For the 
ultrasound features of the mass, S-Detect-based diagnosis 
and VI between malignant and benign masses showed 
significant differences (P<0.001). 

Construction of the nomogram prediction model

Characteristics that differed significantly (P<0.05) in 
the univariate risk analysis of the training group were 
incorporated into logistic regression. The results showed that 
age, size, VI, and S-Detect diagnosis were independent risk 
factors for breast cancer (P<0.05; Table 3). These independent 
risk factors were used to construct a nomogram for 

predicting breast cancer (Figure 2). The nomogram showed 
that the breast cancer risk for each mass can be determined 
by summing the points for each variable. Figure 3 depicts 
an example of the practical application of the nomogram 
prediction model.

Assessment of the nomogram prediction model

The ROC curves were plotted to evaluate the predictive 
ability of the nomogram. The AUC were 0.93 [95% 
confidence interval (CI): 0.90–0.95] and 0.91 (95% 
CI: 0.86–0.96) for the training and validation groups, 
respectively (Figure 4). The nomogram AUC was higher 
than that of the S-Detect alone (Z=7.69, P<0.001; Z=3.829, 
P<0.001; respectively). The diagnostic sensitivity and 
specificity of the nomogram were 93.3% (95% CI: 90.4–
96.1%) and 79.8% (95% CI: 74.4–85.3%) in the training 
group, and 98.5% (95% CI: 96.4–100.0%) and 72.9% (95% 
CI: 63.5–82.4%) in the validation group, respectively. The 
Hosmer-Lemeshow test and calibration curve demonstrated 

Table 1 Breast mass characteristics

Characteristics Total (n=724) Training (n=506) Validation (n=218) Test statistics P value

Pathology χ2=0.28 0.60

Benign 293 (40.47) 208 (41.11) 85 (38.99)

Malignant 431 (59.53) 298 (58.89) 133 (61.01)

Age (years) 47.78±13.12 47.81±12.96 47.71±13.54 t=−0.10 0.92

Size (mm) 22.51±9.89 22.32±9.79 22.97±10.11 t=0.81 0.42

VI (%) 6.30 (1.70, 12.50) 6.15 (1.40, 13.10) 6.40 (2.70, 11.95) Z=−0.61 0.55

Location χ2=0.01 0.91

Left 363 (50.14) 253 (50.00) 110 (50.46)

Right 361 (49.86) 253 (50.00) 108 (49.54)

Quadrant distribution χ2=2.63 0.62

Outer upper 327 (45.17) 225 (44.47) 102 (46.79)

Outer lower 148 (20.44) 104 (20.55) 44 (20.18)

Inner upper 155 (21.41) 114 (22.53) 41 (18.81)

Inner lower 67 (9.25) 47 (9.29) 20 (9.17)

Others 27 (3.73) 16 (3.16) 11 (5.05)

S-Detect χ2=1.03 0.31

Benign 232 (32.04) 168 (33.20) 64 (29.36)

Malignant 492 (67.96) 338 (66.80) 154 (70.64)

Data are presented as n (%), mean ± standard deviation, or median (25th percentile, 75th percentile). VI, vascular index.
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significant concordance between the predicted and actual 
results of the nomogram (χ2=10.454, P=0.235; χ2=12.178, 
P=0.143; respectively; Figure 5). The DCA revealed that 
the nomogram had a significantly higher net clinical benefit 
than S-Detect alone (Figure 6).

Risk grouping for breast masses

Total nomogram points were calculated for each breast 
mass, with an optimal cut-off value of 106.4 for total 
points and 0.495 for nomogram risk of breast masses in the 
training group. Breast masses with nomogram risk ≥0.495 
were divided into the high-risk set, with <0.495 into the 

low-risk set. The proportion of malignant breast masses in 
the high-risk set was significantly higher than that in the 
low-risk set (P<0.001; Figure 7).

Discussion

In the study, we evaluated 724 breast masses from 712 
female patients to develop a nomogram prediction model 
for breast cancer risk. Age, mass size, VI, and S-Detect-
based diagnosis were independent risk factors for predicting 
breast cancer via multifactorial logistic regression analysis 
(P<0.05). The AUC, sensitivity, and specificity of the 
nomogram were 0.93, 93.3% and 79.8% in the training 
group and 0.91, 98.5%, and 72.9% in the validation group, 
respectively, demonstrating excellent prediction accuracy 
and sensitivity. The model showed significantly higher AUC 
and net clinical benefits than S-Detect. This finding indicated 
that the combined use of S-Detect and other indicators can 
effectively compensate for its limitations, thereby significantly 
enhancing the diagnostic accuracy for breast cancer. 

A nomogram is a clinically valuable and convenient tool, 
offering the advantage of transforming intricate regression 
equations into intuitive visual graphs (21). By integrating 

Table 2 Univariate risk analysis of breast mass characteristics

Characteristics
Training Validation 

Benign (n=208) Malignant (n=298) Test statistics P value Benign (n=85) Malignant (n=133) Test statistics P value

Location χ2=0.13 0.72 χ2=0.10 0.76

Left 102 (49.04) 151 (50.67) 44 (51.76) 66 (49.62)

Right 106 (50.96) 147 (49.33) 41 (48.24) 67 (50.38)

Quadrant distribution χ2=2.50 0.65 χ2=1.07 0.90

Outer upper 95 (45.67) 130 (43.62) 39 (45.88) 63 (47.37)

Outer lower 40 (19.23) 64 (21.48) 17 (20.00) 27 (20.30)

Inner upper 50 (24.04) 64 (21.48) 17 (20.00) 24 (18.05)

Inner lower 19 (9.13) 28 (9.40) 9 (10.59) 11 (8.27)

Others 4 (1.92) 12 (4.03) 3 (3.53) 8 (6.02)

Age (years) 41.08±12.41 52.51±11.15 t=−10.63 <0.001 38.48±12.22 53.60±10.79 t=−9.32 <0.001

Size (mm) 17.84±8.74 25.44±9.27 t=−9.39 <0.001 20.39±10.45 24.62±9.57 t=−3.07 0.002

VI (%) 1.45 (0.00, 8.70) 8.45 (4.50, 15.83) Z=−9.47 <0.001 3.00 (0.40, 8.60) 7.60 (4.80, 12.40) Z=−4.98 <0.001

S-Detect χ2=229.38 <0.001 χ2=101.54 <0.001

Benign 148 (71.15) 20 (6.71) 58 (68.24) 6 (4.51)

Malignant 60 (28.85) 278 (93.29) 27 (31.76) 127 (95.49)

Data are presented as n (%), mean ± standard deviation, or median (25th percentile, 75th percentile). VI, vascular index.

Table 3 Independent risk factors of breast cancer

Variables β P value OR (95% CI)

Age, years 0.09 <0.001 1.09 (1.06–1.12)

Size, mm 0.08 <0.001 1.08 (1.05–1.12)

VI 0.06 <0.001 1.07 (1.04–1.10)

S-Detect 3.35 <0.001 28.37 (14.53–55.40)

CI, confidence interval; OR, odds ratio; VI, vascular index.
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Figure 2 Nomogram prediction model for breast cancer risk. The model consists of four variable axes: age, size, VI, and S-Detect-based 
diagnosis. VI, vascular index.
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Figure 3 Clinical application of the nomogram. (A) A 56-year-old patient (57 points), with a breast mass 11 mm in diameter (13 points) 
detected by conventional ultrasound; (B) MVFI showing a VI of 23.3% (22 points); (C) S-Detect-based diagnosis showing malignancy (48 
points); and (D) Nomogram showing a total point of 140. Risk of malignancy for breast masses >0.90. Pathological findings: invasive ducal 
carcinoma. The red arrows indicate the points corresponding to the variable value and the risk corresponding to the total points. The yellow 
circles indicate the boundary of the mass. MVFI, microvascular flow imaging; VI, vascular index.

clinical and ultrasound image features, variable axes with 
scales were utilized to demonstrate the interrelationships 
among the variables. The breast cancer probability for each 
mass was subsequently determined by summing the points 
for variable axes. Compared to other prediction models, the 
nomogram prediction model is more intuitive and facilitates 

individualized breast cancer risk assessment of patients by 
clinicians and sonologists. A nomogram can also serve as a 
practical and easy interdisciplinary communication bridge 
between clinicians and sonologists. Currently, nomogram 
models have been used to predict breast disease in many 
ways, including prediction of breast cancer, breast cancer 
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presenting with axillary lymph node metastasis, breast 
cancer neoadjuvant chemotherapy to achieve pathologic 
complete remission response, and breast cancer recurrence 
and prognosis (22-26). The nomogram model developed in 
the study was aimed at predicting the risk of masses during 
breast cancer screening and providing an initial assessment 
of breast masses.

Wang and Che (27) constructed a nomogram model 
for predicting breast cancer that incorporated factors such 
as tumor vascular distribution parameters quantitatively 
assessed using superb microvascular imaging and BI-RADS 
classification obtained by conventional ultrasound. The 
nomogram model constructed by Guo et al. (28) was used 
to assess the risk of breast lesions preoperatively, integrating 
the results of the Angio Planewave ultrasensitive imaging to 
determine the blood flow and morphological information 
of breast lesions obtained through conventional ultrasound. 
All of these nomogram models showed good predictive 
performance. In contrast, the nomogram model in the 
present study was constructed based on quantitative and 
objective ultrasound and clinical features, all of which are 
easily accessible and simple to manipulate. The model 
was expected to objectively evaluate breast masses while 
minimizing the influence of subjectivity.

S-Detect technology relies on convolutional neural 
networks and deep learning algorithms. It has become 
the most widely used AI diagnostic system in breast mass 
evaluation based on BI-RADS criteria. S-Detect can 
autonomously recognize and analyze two-dimensional 
grayscale image features of breast masses, such as shape, 
orientation, margins, and internal echoes, effectively 
overcoming subjective bias and providing objective results 
of benign or malignant evaluations (29). The studies by 
Zhao et al. and Xia et al. (30,31) indicated that the diagnostic 

sensitivity and specificity of S-Detect technology were 
higher than those of resident sonologists, and its diagnostic 
capability showed no significant difference compared to 
that of experienced sonologists. The study by Di Segni  
et al. (32) indicated that the diagnostic sensitivity of S-Detect 
technology for focal breast lesions exceeded 90% and had 
a specificity of approximately 70%. These studies have 
all demonstrated the feasibility of S-Detect technology 
in predicting breast cancer. Notably, while S-Detect 
technology has a high sensitivity, its specificity is relatively 
low. It is likely that this method based on morphological 
characteristics of breast masses tends to provide a malignant 
diagnosis to minimize the risk of missing breast cancer. 
Considering the limitations of using S-Detect technology 
alone, it was combined with other indicators to enhance the 
specificity of the diagnosis.

Breast cancer development and progression are highly 
dependent on angiogenesis. Breast cancer tends to be more 
richly vascularized than benign breast masses, and these 
vessels distribute in a twisted, radial pattern around the 
peripheral and central areas of the mass (33). Therefore, 
assessment of angiogenesis in breast masses is essential 
for differentiating malignancy from benignity. MVFI is 
a novel ultrasound blood flow imaging technology that 
uses multidimensional filtering to eliminate clutter and 
motion artifacts, thereby providing a sensitive method 
for detecting microvessels with low flow velocities, which 
can be quantitatively assessed by VI (34). This technology 
has been applied to several organs, including the liver, 
fetal cranial brain, placenta, thyroid, mammary gland, and 
cervical lymph nodes, and its value for clinical detection 
of microvessels has been previously validated (35-39). 
Bartolotta et al. (35) used this technology to detect the 
vascular distribution of focal breast lesions to distinguish 
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between benign and malignant lesions, with the final 
diagnostic AUC, sensitivity, and specificity of 0.70, 76.6%, 
and 64.1%, respectively. In the present study, the VI 
quantitatively evaluated the vascular distribution within 
breast masses as a predictive factor for breast cancer.

Hong et al. (40) found that many clinical features are 
associated with breast cancer, including patient age and 
mass size, which is in agreement with the present study 
results. Previous research has confirmed that age is a risk 
variable influencing the development and prognosis of 
breast malignancies at the molecular level (41). Breast 
cancer incidence shows a positive correlation with age, 
and the risk of malignancy tends to increase with age (42). 
Chen et al. (43) evaluated 1,203 cases of breast masses, and 
showed that the accuracy of ultrasound diagnosis for masses 
≤1 cm, 1.1–2.0 cm, and >2.0 cm in size was 75.6%, 86.4%, 
and 88.4%, respectively. This is likely because larger breast 
masses have more typical morphological features, making 
ultrasound diagnosis easier.

In addition, the cut-off value for the nomogram risk 
can be utilized for risk stratification. Following risk 
stratification, special attention should be given to breast 
masses within the high-risk set, and further evaluation is 
recommended.

Despite the strengths, this study also has some 
limitations. First, this single-center study may lead to the 
potential for bias in our findings; consequently, studies 
with larger sample sizes and the adoption of a multi-
center design are needed in the future to confirm our 
findings. Second, we only performed the internal validation. 
Although our predictive model showed great clinical utility, 
further validation with external groups is needed.

Conclusions

Our constructed nomogram exhibited excellent diagnostic 
efficacy, calibration, and clinical utility. This nomogram 
model can quantify the malignancy risk of breast masses, 
providing a reliable and objective initial assessment to aid in 
breast cancer screening.
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