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Abstract: Objective: To assess the feasibility and efficacy of developing a predictive model for postoperative recur-
rence and metastasis in breast cancer using the Artificial Intelligence Ultrasound Breast System (AIUBS). Methods: 
A retrospective study was conducted with 120 breast cancer patients who underwent surgery between January 
2022 and December 2023. Patients were divided into two groups based on postoperative outcomes: recurrence/
metastasis (n = 58) and non-recurrence/non-metastasis (n = 62). Logistic regression was used to identify inde-
pendent predictors, and a nomogram model was constructed. Model performance was assessed using Receiver 
Operating Characteristic curves, calibration curves, and decision curve analysis (DCA). The optimal cutoff value was 
determined through confusion matrix analysis. Results: Univariate analysis identified lymph node metastasis (OR 
= 8.17, 95% CI: 3.51-18.99), estrogen receptor (ER) status (OR = 0.46, 95% CI: 0.21-0.99), and human epidermal 
growth factor receptor 2 status (OR = 5.32, 95% CI: 2.32-12.22) as significant predictors. Multivariate analysis 
confirmed lymph node metastasis (OR = 8.81, 95% CI: 3.68-21.07) and ER status (OR = 0.39, 95% CI: 0.16-0.94) 
as independent predictors. The nomogram model demonstrated an Area Under the Curve of 0.77 (95% CI: 0.68-
0.85). The optimal cutoff value, derived from confusion matrix analysis, was 0.572, confirming the model’s clinical 
utility. Conclusion: The AIUBS-based predictive model for postoperative recurrence and metastasis in breast cancer 
demonstrates high predictive accuracy and clinical utility, providing valuable support for personalized treatment and 
follow-up decisions.
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Introduction

In 2020, approximately 19.3 million new can-
cer cases were diagnosed worldwide, with 
female breast cancer accounting for 11.7%, 
slightly surpassing lung cancer at 11.4%. 
Breast cancer in women has now become the 
most commonly diagnosed cancer globally, 
overtaking lung cancer in terms of incidence 
[1]. Significant progress has been made in 
breast cancer treatment, with current thera-
peutic strategies including surgery, chemother-
apy, radiotherapy, targeted therapy, and endo-
crine therapy. These approaches have led to  
a cure rate of 80-90% for patients with early-
stage disease [2]. However, despite these 
advances, 20-30% of early-stage breast cancer 

patients still experience tumor recurrence and 
metastasis [3, 4]. In patients with recurrent or 
metastatic disease following surgery, the five-
year survival rate drops dramatically to only 
10% [5]. Clinical research has shown that the 
risk of postoperative recurrence and metasta-
sis is closely linked to factors such as the 
tumor’s biological characteristics, lymph node 
involvement, hormone receptor expression, 
and the Ki-67 proliferation index [6, 7]. Breast 
cancer can be classified into various subtypes 
based on clinical and pathological features, 
with each subtype exhibiting distinct recur-
rence, metastasis, and survival patterns [8]. 
Despite advancements in understanding, accu-
rately predicting postoperative recurrence and 
metastasis-and developing personalized treat-
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ment strategies-remains a major challenge in 
clinical oncology.

Ultrasonography plays a vital role in breast can-
cer diagnosis, molecular subtyping, and the 
evaluation of neoadjuvant chemotherapy effi-
cacy, due to its affordability, convenience, and 
absence of radiation exposure [9]. While manu-
al ultrasound remains the cornerstone of breast 
cancer screening, challenges such as a short-
age of skilled ultrasound physicians and limited 
expertise in primary healthcare facilities per-
sist [10]. In recent years, artificial intelligence 
(AI)-assisted screening devices have become  
a key development in public health services  
for chronic disease screening. The Artificial In 
telligence Ultrasound Breast System (AIUBS), 
which integrates robotic arms for standardized 
bilateral scanning, cloud-based image storage, 
AI-driven lesion annotation, and remote inter-
pretation by senior physicians, offers sever- 
al advantages, including reproducibility, com- 
prehensive scanning, and operation without a 
sonographer [11]. Studies have demonstrated 
that AIUBS enhances diagnostic accuracy for 
breast cancer and improves postoperative fol-
low-up compared to traditional methods [12, 
13]. However, most existing studies have pri-
marily focused on assessing the accuracy and 
safety of these devices, with a lack of large-
scale, systematic research to confirm their eff- 
ectiveness and reliability across diverse clinical 
environments. Additionally, integrating AI tech-
nology with clinical data to develop multifacto-
rial predictive models, evaluating their general-
izability, and enhancing their clinical applica- 
bility remain significant challenges in current 
research.

To address these challenges, this study is the 
first to integrate AIUBS with traditional clinical 
pathological features to develop a predictive 
model for postoperative recurrence and metas-
tasis in breast cancer. Using multivariate logis-
tic regression analysis, we combined clinical 
variables (such as tumor size, lymph node me- 
tastasis, estrogen receptor (ER) status, proges-
terone receptor (PR) status, human epidermal 
growth factor receptor 2 (HER2), and Ki-67 pro-
liferation index) with imaging features derived 
from AIUBS (such as tumor morphology, mar-
gins, echo features, and blood flow status). This 
comprehensive approach enabled us to identi- 
fy independent risk factors associated with 

postoperative recurrence and metastasis, cul-
minating in a robust predictive model. We be- 
lieve this model has the potential to significant-
ly enhance the accuracy of predicting recur-
rence and metastasis in breast cancer patients, 
ultimately providing clinicians with more pre-
cise tools for follow-up and individualized treat-
ment plans. This, in turn, could improve both 
the quality of life and long-term survival out-
comes for breast cancer patients.

Materials and methods

Study population

This retrospective study included patients who 
underwent breast cancer surgery at the Second 
People’s Hospital of Hefei between January 
2022 and December 2023. Postoperative fol-
low-up data were collected from medical re- 
cords, ensuring both completeness and reliabil-
ity. All patient information was anonymized, and 
informed consent was not required due to the 
retrospective nature of the study. To ensure 
statistical rigor, a sample size calculation was 
performed based on previous studies and the 
anticipated effect size. For comparison be- 
tween two groups, we assumed an effect size 
of 0.5, a significance level of 0.05, and a statis-
tical power of 0.8. Using GPower software, the 
minimum required sample size was determined 
to be 120 patients. Accordingly, a total of 120 
patients were included, meeting the statistical 
criteria for analysis.

Patient classification and group division

The patients were classified into two groups 
based on their recurrence or metastasis sta-
tus: the recurrence and metastasis group (n = 
58) and the non-recurrence and non-metasta-
sis group (n = 62). The inclusion criteria were: 
1) patients aged between 18 and 75 years who 
underwent either radical or breast-conserving 
surgery for breast cancer; 2) continuous post-
operative follow-up in accordance with national 
treatment guidelines; 3) preoperative patho-
logical diagnosis of breast cancer supported by 
routine clinical and imaging examinations; and 
4) voluntary participation with signed informed 
consent. The exclusion criteria were: 1) incom-
plete postoperative treatment or failure to un- 
dergo necessary imaging examinations during 
follow-up; 2) patients with severe systemic dis-
eases, such as heart, liver, or kidney disorders; 
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3) missing data or poor-quality ultrasound im- 
ages unsuitable for analysis; and 4) other dis-
eases that could confound the evaluation of 
breast cancer recurrence and metastasis. This 
study was approved by the Institutional Review 
Board (IRB) of the Second People’s Hospital of 
Hefei and adhered to the ethical guidelines out-
lined in the Declaration of Helsinki.

To evaluate the stability and external validity  
of the predictive model, the dataset of 120 
patients was randomly divided into a training 
set (96 patients) and a validation set (24 
patients), with an 80% to 20% ratio. The distri-
bution of key clinical variables, including gen-
der, age, tumor stage, and lymph node metas-
tasis, was balanced between the two sets to 
ensure comparability in patient characteristics. 
Furthermore, the model’s external validity was 
further tested using an external validation co- 
hort from another hospital, with data collected 
between January 2022 and December 2023. 
This cohort included 50 patients with recur-
rence and metastasis and 55 patients without 
recurrence or metastasis. The inclusion criteria 
and screening procedures for the external 
cohort were consistent with those applied in 
the original study.

Clinical and ultrasound imaging data collection

Basic clinical data, including age, weight, tumor 
size, lymph node metastasis status, tumor 
stage (TNM), hormone receptor status (ER, PR), 
HER2, and Ki-67 proliferation index, were col-
lected. These data were extracted from the 
patients’ electronic medical records by train- 
ed researchers to ensure accuracy and con- 
sistency.

Post-treatment ultrasound data were retro-
spectively obtained from medical records and 
analyzed using the Samsung RS80A ultrasound 
system integrated with the AIUBS module. This 
AIUBS system facilitated the automated extrac-
tion of both quantitative (e.g., maximum diam-
eter) and qualitative (e.g., shape [round, oval, 
irregular], margins [smooth, spiculated], echo-
genicity [homogeneous, heterogeneous], and 
blood flow [present/absent]) tumor features 
from ultrasound images. To ensure quality and 
minimize the influence of artifacts, rigorous 
quality control protocols were applied during 
ultrasound examinations, including the use  
of standardized denoising algorithms. Further- 

more, all ultrasound images were independent-
ly reviewed by two experienced radiologists to 
ensure data reliability and inter-observer con- 
sistency.

Data analysis with AIUBS

The Samsung RS80A ultrasound system, inte-
grated with AIUBS, automatically detects and 
annotates tumors in ultrasound images while 
extracting multiple image features. Using deep 
learning algorithms, the AIUBS system identi-
fies key characteristics of breast tumors, such 
as size, shape, margin properties, echogenicity 
patterns, and blood flow. Each feature is auto-
matically labeled and quantified by the AI sys-
tem, which then processes the data using a 
pre-trained model. The results from the AIUBS 
system were used as essential input features 
for constructing the recurrence and metastasis 
prediction model, in combination with clinical 
data.

Statistical analysis

All statistical analyses were performed using  
R software (version 4.0.3; R Foundation for 
Statistical Computing, Vienna, Austria). All sta-
tistical tests were two-sided, with a significance 
level predetermined at P < 0.05.

Data description and testing: Continuous vari-
ables are presented as mean ± standard de- 
viation (SD) or median (interquartile range, 
IQR), depending on the distribution’s normality. 
Group comparisons for continuous variables 
were performed using Student’s t-test or the 
Mann-Whitney U test, as appropriate. Categori- 
cal variables are presented as frequencies  
and percentages, with intergroup differences 
assessed using the chi-square test.

Data preprocessing and model construction: 
Multivariable logistic regression analysis, con-
ducted using the ‘glm’ package in R, was em- 
ployed to identify independent predictors of 
post-surgical recurrence and metastasis in 
breast cancer. This model evaluated the in- 
dependent associations between clinical vari-
ables (e.g., tumor size, hormone receptor sta-
tus, and lymph node metastasis) and recur- 
rence/metastasis. Regression coefficients, al- 
ong with their corresponding 95% confidence 
intervals (CIs), were calculated to quantify the 
effect size of each predictor. The threshold for 
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statistical significance was set at P < 0.05. 
Stepwise variable selection, guided by either 
the Akaike Information Criterion (AIC) or the 
Bayesian Information Criterion (BIC), was em- 
ployed to optimize model fit and parsimony. 
Non-significant variables were then exclud- 
ed from the final model. To ensure robust mo- 
del evaluation and assess generalizability, the 
dataset was randomly divided into a training 
set (80%, n = 96) and a validation set (20%, n = 
24). Stratified random sampling was used to 
ensure a uniform distribution of key clinical fac-
tors (e.g., age, tumor stage, and lymph node 
status) across both sets. The training set was 
used for model development and parame- 
ter estimation, while the validation set served 
as an independent benchmark for model per- 
formance.

Model evaluation: The model’s predictive per-
formance was evaluated using receiver operat-
ing characteristic (ROC) curve analysis, with the 
area under the ROC curve (AUC) quantified 
using the ‘pROC’ package in R. Data visualiza-
tion, including calibration curves and decision 
curves, was implemented using the ‘ggplot2’ 
package. The AUC, ranging from 0.5 (represent-
ing random chance) to 1.0 (indicating perfect 
discrimination), quantifies the model’s discri- 
minatory capacity between patients with and 

without recurrence or metastasis. Model cali-
bration was assessed using calibration curves, 
which compare predicted probabilities with 
observed outcomes. A well-calibrated model 
shows strong agreement between predicted 
and observed probabilities, reflected by proxim-
ity to the diagonal line.

Decision curve analysis (DCA) was performed 
to evaluate the clinical utility of the model by 
quantifying the net benefit across a range of 
threshold probabilities. DCA provides insights 
into the potential impact of the model on clini-
cal decision-making and helps determine 
whether its implementation results in better 
patient outcomes compared to “treat-all” or 
“treat-none” approaches.

Results

Comparison of patient characteristics

This study included 120 patients, with 58 
(48.33%) assigned to the recurrence/metasta-
sis group and 62 (51.67%) to the non-recur-
rence/non-metastasis group. Regarding ultra-
sound imaging findings, the non-recurrence/
non-metastasis group (Figure 1A) showed an 
invasive ductal carcinoma (IDC) of the left 
breast, grade II, not otherwise specified (NOS), 

Figure 1. Ultrasound images of typical cases. A: Non-recurrence and non-metastasis group. Left breast invasive car-
cinoma, grade II, invasive ductal carcinoma (IDC), not otherwise specified (NOS) (tumor size: 1.5 cm × 1.5 cm × 1.2 
cm). The image shows the presence of the nipple and solid structure, with abundant stromal lymphocytic infiltration. 
B: Recurrence and metastasis group. Right breast invasive carcinoma, grade II, IDC-NOS (tumor size: 2.3 cm × 2.0 
cm × 1.5 cm). A focal region displays moderate to high-grade ductal carcinoma in situ (DCIS) with central necrosis 
and calcification. No clear evidence of lymphovascular invasion or nerve involvement is observed.
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with a tumor size of 1.5 cm × 1.5 cm × 1.2 cm. 
The image revealed a solid structure adjacent 
to the nipple with abundant stromal lympho-
cytic infiltration, well-defined margins, and ho- 
mogeneous internal echoes. In contrast, the 
recurrence/metastasis group (Figure 1B) dis-
played an invasive carcinoma of the right 
breast, grade II, IDC-NOS, with a tumor size  
of 2.3 cm × 2.0 cm × 1.5 cm. The ultrasound 
image revealed irregular morphology, ill-defined 
borders, and heterogeneous internal echoes. 
Focal areas exhibited moderate to high-grade 
ductal carcinoma in situ (DCIS) with central 
necrosis and calcification, suggesting higher 
malignant potential. No obvious evidence of 
lymphovascular invasion or perineural involve-
ment was observed.

No significant age difference was observed 
between the two groups (P = 0.702) (Table 1). 
Regarding tumor characteristics, the recur-
rence/metastasis group had significantly lar- 
ger tumor size, higher Ki-67 index, more pro-
nounced ultrasound blood flow, higher AIUBS 
strain ratio, and higher gray-scale mean values 
compared to the non-recurrence/non-metasta-
sis group (all P < 0.05). Significant differences 
were also observed for tumor stage and lymph 
node metastasis (both P < 0.001). The recur-
rence/metastasis group predominantly pre-
sented with Stage II tumors but exhibited a 
reduced incidence of lymph node metastasis. 
Additionally, the recurrence/metastasis group 
showed significant differences in ultrasound 
morphology, texture features, and HER2 status 
compared to the non-recurrence/non-meta- 
stasis group (all P < 0.05). Tumor size, Ki-67 ex- 
pression, ultrasound features, lymph node me- 
tastasis, and HER2 status were all correlated 
with tumor recurrence and metastasis.

Selection of predictive factors and nomogram 
model construction

Univariate logistic regression analysis identi-
fied several potential predictive factors for po- 
stoperative recurrence and metastasis in bre- 
ast cancer (Table 2). Lymph node metastasis 
[Odds Ratio (OR) = 8.17, 95% Confidence In- 
terval (CI): 3.51-18.99], ER status (OR = 0.46, 
95% CI: 0.21-0.99), and HER2 status (OR = 
5.32, 95% CI: 2.32-12.22) exhibited statistical 
significance, with the ORs highlighting the pre-

dictive importance of these factors in recur-
rence and metastasis.

Multivariate logistic regression analysis con-
firmed the independent predictive value of ly- 
mph node metastasis (OR = 8.81, 95% CI: 
3.68-21.07) and ER status (OR = 0.39, 95% CI: 
0.16-0.94) (Table 3). The OR for lymph node 
metastasis was significantly greater than 1, 
indicating a strong association with the risk of 
recurrence and metastasis. Conversely, the OR 
for ER status was less than 1, suggesting that 
ER-positive status may be associated with a 
reduced risk of recurrence and metastasis. The 
final model for predicting postoperative recur-
rence and metastasis in breast cancer is as fol-
lows: log

1
LNM ER

P

P
0 1 2-

= + +# #b b b

Where:

P is the probability of post-surgical recurrence 
and metastasis in breast cancer.

β0 is the intercept, which equals -0.29.

Lymph Node Metastasis (LNM): 0 = no, 1 = yes, 
with a regression coefficient β1 = 2.18.

ER status: 0 = negative, 1 = positive, with a 
regression coefficient β2 = -0.95.

A nomogram was constructed based on the- 
se independent predictors to estimate the risk  
of postoperative recurrence and metastasis 
(Figure 2). The nomogram assigns points to 
each factor, which are then summed to obtain  
a total score corresponding to the predicted 
probability of recurrence/metastasis. This mo- 
del provides a convenient tool for clinical risk 
assessment and aids in the accurate predic-
tion of postoperative prognosis for breast can-
cer patients.

Model performance evaluation

The predictive model, constructed using the 
independent risk factors identified earlier, ex- 
hibited favorable discriminatory performance, 
with an AUC of 0.77 (95% CI: 0.68-0.85) (Figure 
3A). Calibration curves for both the training and 
validation cohorts demonstrated strong agree-
ment with the ideal diagonal, confirming the 
model’s robust calibration and generalizability 
(Figure 3B). DCA demonstrated a substantial 
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Table 1. Basic characteristics and differential analysis

Variables Total (n = 120) Recurrence_and_Metasta-
sis_Group (n = 58)

Non_Recurrence_and_Non Metas-
tasis_Group (n = 62) Statistic P

Age, Mean ± SD 49.72 ± 8.27 50.02 ± 8.73 49.44 ± 7.89 T = 0.38 0.702
Tumor Size (cm), M (Q1, Q3) 2.80 (2.10, 3.70) 3.35 (2.32, 4.65) 2.60 (2.00, 3.18) Z =- 3.38 < 0.001
Ki 67(%), M (Q1, Q3) 26.00 (19.75, 36.25) 37.00 (27.00, 50.00) 20.50 (15.00, 25.75) Z = -6.72 < 0.001
Ultrasound Feature Blood Flow, M (Q1, Q3) 4.00 (2.00, 5.00) 4.00 (4.00, 5.00) 3.00 (1.00, 5.00) Z = -3.11 0.002
AIUBS Analysis Strain Ratio, M (Q1, Q3) 3.50 (2.77, 4.40) 4.75 (3.32, 6.18) 3.25 (2.50, 3.60) Z = -5.14 < 0.001
AIUBS Analysis Gray Mean Value, M (Q1, Q3) 59.00 (51.00, 66.25) 51.00 (44.25, 58.75) 64.00 (59.00, 68.00) Z = -5.58 < 0.001
Stage, n (%) - < 0.001
    I 31 (25.83) 21 (33.87) 10 (17.24)
    II 54 (45.00) 36 (58.06) 18 (31.03)
    III 28 (23.33) 5 (8.06) 23 (39.66)
    IV 7 (5.83) 0 (0.00) 7 (12.07)
Ultrasound Feature Boundary, n (%) - 0.061
    Blurred 59 (49.17) 33 (53.23) 26 (44.83)
    Clear 56 (46.67) 29 (46.77) 27 (46.55)
    Relatively_Clear 5 (4.17) 0 (0.00) 5 (8.62)
Ultrasound Feature Morphology, n (%) - < 0.001
    Circular 6 (5.00) 0 (0.00) 6 (10.34)
    Irregular 54 (45.00) 20 (32.26) 34 (58.62)
    Oval 12 (10.00) 0 (0.00) 12 (20.69)
    Regular 42 (35.00) 42 (67.74) 0 (0.00)
    Relatively_regular 6 (5.00) 0 (0.00) 6 (10.34)
AIUBS Analysis Texture, n (%) - < 0.001
    Blurred 7 (5.83) 0 (0.00) 7 (12.07)
    Rough 29 (24.17) 0 (0.00) 29 (50.00)
    Sharp 4 (3.33) 4 (6.45) 0 (0.00)
    Smooth 80 (66.67) 58 (93.55) 22 (37.93)
LNM, n (%) χ2 = 26.48 < 0.001
    No 72 (60.00) 51 (82.26) 21 (36.21)
    Yes 48 (40.00) 11 (17.74) 37 (63.79)
ER Status, n (%) χ2 = 3.99 0.046
    Negative 41 (34.17) 16 (25.81) 25 (43.10)
    Positive 79 (65.83) 46 (74.19) 33 (56.90)
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PR Status, n (%) χ2 = 0.03 0.869
    Negative 57 (47.50) 29 (46.77) 28 (48.28)
    Positive 63 (52.50) 33 (53.23) 30 (51.72)
HER2 Status, n (%) χ2 = 16.79 < 0.001
    Negative 78 (65.00) 51 (82.26) 27 (46.55)
    Positive 42 (35.00) 11 (17.74) 31 (53.45)
AIUBS Analysis Elasticity Score, n (%) χ2 = 7.59 0.108
    1 5 (4.17) 0 (0.00) 5 (8.62)
    2 26 (21.67) 16 (25.81) 10 (17.24)
    3 26 (21.67) 13 (20.97) 13 (22.41)
    4 36 (30.00) 21 (33.87) 15 (25.86)
    5 27 (22.50) 12 (19.35) 15 (25.86)
t: t-test, Z: Mann-Whitney test, χ2: Chi-square test, -: Fisher exact, SD: standard deviation, M: Median, Q1: 1st Quartile, Q3: 3st Quartile, AIUBS: Artificial Intelligence Ultrasound Breast 
System, LNM: Lymph Node Metastasis, ER: estrogen receptor, PR: progesterone receptor, HER2: human epidermal growth factor receptor 2.
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Table 2. Univariate logistic regression analysis
Variables β S.E Z P OR (95% CI)
Ultrasound Feature Boundary
    Blurred 1.00 (Reference)
    Clear 0.17 0.37 0.45 0.656 1.18 (0.57 - 2.46)
    Relatively_Clear 16.80 1073.11 0.02 0.988 19865188.69 (0.00 - Inf)
Stage
    I 1.00 (Reference)
    II 0.05 0.48 0.10 0.919 1.05 (0.41 - 2.69)
    III 2.27 0.63 3.63 < 0.001 9.66 (2.84 - 32.91)
    IV 18.31 1495.30 0.01 0.990 89344105.92 (0.00 - Inf)
AIUBS Analysis Texture
    Blurred 1.00 (Reference)
    Rough -0.00 4528.70 -0.00 1.000 1.00 (0.00 - Inf)
    Sharp -39.13 6740.43 -0.01 0.995 0.00 (0.00 - Inf)
    Smooth -20.54 4064.63 -0.01 0.996 0.00 (0.00 - Inf)
LNM
    No 1.00 (Reference)
    Yes 2.10 0.43 4.88 < 0.001 8.17 (3.51 - 18.99)
Ultrasound Feature Morphology
    Circular 1.00 (Reference)
    Irregular -20.04 7238.39 -0.00 0.998 0.00 (0.00 - Inf)
    Oval -0.00 8865.19 -0.00 1.000 1.00 (0.00 - Inf)
    Regular -41.13 7738.17 -0.01 0.996 0.00 (0.00 - Inf)
    Relatively_regular -0.00 10236.63 -0.00 1.000 1.00 (0.00 - Inf)
ER Status
    negative 1.00 (Reference)
    Positive -0.78 0.39 -1.98 0.048 0.46 (0.21 - 0.99)
PR Status
    negative 1.00 (Reference)
    Positive -0.06 0.37 -0.16 0.869 0.94 (0.46 - 1.93)
HER2 Status
    negative 1.00 (Reference)
    Positive 1.67 0.42 3.94 < 0.001 5.32 (2.32 - 12.22)
AIUBS Analysis Elasticity Score
    1 1.00 (Reference)
    2 -17.04 1073.11 -0.02 0.987 0.00 (0.00 - Inf)
    3 -16.57 1073.11 -0.02 0.988 0.00 (0.00 - Inf)
    4 -16.90 1073.11 -0.02 0.987 0.00 (0.00 - Inf)
    5 -16.34 1073.11 -0.02 0.988 0.00 (0.00 - Inf)
β: Beta coefficient, S.E.: Standard Error, Z: Z-score, P: P-value, OR: Odds Ratio, CI: Confidence Interval, AIUBS: Artificial Intel-
ligence Ultrasound Breast System, LNM: Lymph Node Metastasis, ER: estrogen receptor, PR: progesterone receptor, HER2: 
human epidermal growth factor receptor 2.

net benefit across a range of threshold pro- 
babilities (10%-60%) (Figure 4). This suggests 
that integrating the model into clinical decision-
making could improve patient outcomes by 
enabling more personalized treatment strate-
gies, particularly for patients at elevated risk.

Determination of the optimal cutoff value for 
the nomogram

To determine the optimal cutoff value for the 
nomogram, confusion matrix analysis was per-
formed. At a cutoff value of 0.572, the model 
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achieved an accuracy of 0.27 (95% CI: 0.19-
0.36), sensitivity of 0.36 (95% CI: 0.24-0.89), 
specificity of 0.18 (95% CI: 0.08-0.27), positive 
predictive value (PPV) of 0.29 (95% CI: 0.19-
0.40), and negative predictive value (NPV) of 
0.23 (95% CI: 0.11-0.35) (Table 4). While these 
metrics suggest some clinical applicability, they 
also highlight the need for further improve-
ments to enhance the model’s accuracy and 
specificity at this particular cutoff.

External validation and model robustness 
evaluation

Baseline characteristics of the external datas-
ets are summarized in Table 5. To assess the 
generalizability of the proposed model, its per-
formance was evaluated using an independent 
external dataset. ROC curve analysis indicated 
that the model achieved an AUC of 0.79 (95% 
CI: 0.73-0.85) on the external validation set 
(Figure 5A), showing strong discrimination ca- 
pability for new data, which is comparable to 
the AUC of 0.77 from the training set, and ev- 

0.2-0.6 threshold range, where the clinical ben-
efit of the model significantly exceeds the strat-
egies of “treat all” or “treat none”. This further 
supports the model’s potential for clinical 
application.

Discussion

Conventional approaches to predicting postop-
erative recurrence and metastasis in breast 
cancer primarily rely on clinicopathological fac-
tors, including tumor size, lymph node metasta-
sis, molecular markers (e.g., ER, PR, HER2), 
and pathological staging. While these factors 
provide valuable prognostic information, their 
predictive accuracy remains limited. As a result, 
the development of novel and more accurate 
prediction methods is a critical area of focus in 
breast cancer research. In recent years, AIUBS, 
which uses deep learning algorithms to analyze 
ultrasound imaging data, has emerged as a 
promising tool. AIUBS offers quantifiable imag-
ing biomarkers that can refine the prediction of 

Table 3. Multivariate logistic regression analysis
Variables β S.E Z P OR (95% CI)
Intercept -0.29 0.37 -0.79 0.432 0.75 (0.36 - 1.55)
LNM
    No 1.00 (Reference)
    Yes 2.18 0.45 4.89 < 0.001 8.81 (3.68 - 21.07)
ER Status
    negative 1.00 (Reference)
    Positive -0.95 0.45 -2.11 0.035 0.39 (0.16 - 0.94)
β: Beta coefficient, S.E.: Standard Error, Z: Z-score, P: P-value, OR: Odds Ratio, CI: 
Confidence Interval, LNM: Lymph Node Metastasis, ER: estrogen receptor.

Figure 2. Nomogram for predicting postoperative recurrence and metastasis 
risk in breast cancer. The total points are obtained by adding the points 
for each feature, and the corresponding “recurrence risk” is determined by 
drawing a vertical line from the total points. ER: estrogen receptor.

en slightly higher. Additionally, 
the calibration curve (Figure 
5B) demonstrated high con-
sistency between the model’s 
predicted probability of recur-
rence and metastasis and the 
actual observed incidence, 
further supporting the mo- 
del’s reliability.

Confusion matrix analysis (Fi- 
gure 5C) further confirmed 
the model’s classification per-
formance. The calculated sen-
sitivity, specificity, PPV, and 
NPV suggest that the model 
effectively distinguishes be- 
tween high-risk and low-risk 
patients, emphasizing its cli- 
nical applicability. However, 
some misclassifications were 
observed, indicating that the 
model should be used in con-
junction with other clinical fac-
tors for comprehensive deci-
sion-making in certain clinical 
scenarios. DCA (Figure 5D) 
revealed that the model con-
sistently provides higher net 
benefits across a range of 
high-risk threshold probabi- 
lities, particularly within the 
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tumor aggressiveness and metastatic potential 
[14]. By quantifying tumor echotexture, mor-
phological irregularity, and vascularity, AIUBS 
enables a more detailed characterization of 
tumors. These imaging biomarkers not only 
reflect tumor biology but also provide insights 
into the tumor’s invasive behavior and meta-
static potential [12, 15]. In patients with tumors 
displaying morphological irregularities, AIUBS 
offers a complementary approach for early pre-
diction of recurrence and metastasis, especial-

recognized adverse prognostic factor. Its inclu-
sion in the American Joint Committee on Cancer 
staging criteria, along with its frequent correla-
tion with advanced disease stages and poorer 
survival outcomes [16], further highlights its 
clinical significance. Current clinical guidelines 
for breast cancer recognize lymph node status 
as a crucial determinant of treatment strategy 
and prognosis [17]. Therefore, the presence  
of lymph node metastasis underscores an 
increased risk of recurrence and metastasis, 

Figure 3. Model performance evaluation. A: Receiver Operating Characteristic (ROC) Curve. B: Calibration Curve. 
AUC: Area Under the Curve.

Figure 4. Decision curve analysis (DCA).

ly when conventional imaging 
techniques face limitations in 
detecting subtle lesions due 
to its enhanced resolution 
and sensitivity. 

Our analysis of data from 120 
breast cancer patients identi-
fied several independent pre-
dictors significantly associat-
ed with postoperative recur-
rence and metastasis. Both 
univariate and multivariate 
logistic regression analyses 
identified lymph node metas-
tasis, ER status, and HER2 
status as independent risk 
factors. Lymph node metasta-
sis, which indicates local tu- 
mor spread and inherent tu- 
mor aggressiveness, is a well-
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Table 4. Confusion matrix for the nomogram model
AUC (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI) cut off
0.77 (0.68-0.85) 0.27 (0.19-0.36) 0.36 (0.24 - 0.89) 0.18 (0.08 - 0.27) 0.29 (0.19 - 0.40) 0.23 (0.11 - 0.35) 0.572
AUC: Area Under the Curve, PPV: positive predictive value, NPV: negative predictive value.

reinforcing its pivotal role in breast cancer man-
agement. In contrast, ER-positive breast cancer 
is generally associated with a lower recurrence 
risk, which is consistent with our finding that 
ER-positive status serves as a biomarker for 
reduced recurrence risk [18]. Furthermore, 
HER2-positive breast cancer is frequently asso-
ciated with a higher risk of recurrence and dis-
tant metastasis, emphasizing the importance 
of HER2 status in clinical decisions related to 
recurrence risk assessment and targeted ther-
apy selection [19].

Multivariate regression analysis confirmed the 
independent predictive significance of lymph 
node metastasis and ER status, demonstrating 
their substantial clinical relevance. The elevat-
ed odds ratio for lymph node metastasis (OR = 
8.81, 95% CI: 3.68-21.07) highlights its strong 
association with an increased risk of recur-
rence, while the lower odds ratio for ER-posi- 
tive status (OR = 0.39, 95% CI: 0.16-0.94) sug-
gests a relatively reduced recurrence risk in 
ER-positive patients. This finding aligns with  
the established role of molecular subtypes in 
breast cancer prognosis. Using these indepen-
dent risk factors, we developed a nomogram 
model to predict postoperative recurrence and 
metastasis. This model provides clinicians with 
a practical tool for evaluating individual patient 
risk profiles, facilitating the integration of objec-
tive data with clinical expertise to create more 
personalized treatment strategies. While the 
Ki-67 proliferation index and hormone receptor 
status (ER-negative, PR-negative) are acknowl-
edged as relevant factors in breast cancer, 
their predictive value was not substantiated in 
our final multivariate model. Existing literature 
suggests that elevated Ki-67 expression indi-
cates accelerated tumor cell proliferation and 
increased invasiveness, implying a higher re- 
currence risk [20, 21]. Additionally, ER-negative 
and PR-negative tumors, typically indicative of 
hormone receptor-negative breast cancer, are 
often associated with a less favorable progno-
sis and reduced responsiveness to endocrine 
therapy, contributing to an increased recur-
rence risk [22, 23].

AIUBS utilizes 3D volumetric imaging, offering  
a novel modality for breast assessment. This 
technique provides multiplanar visualization  
of the breast, including sagittal, transverse, 
and reconstructed coronal plane images, the- 
reby enhancing lesion margin conspicuity and 
aiding in the differentiation between benign 
and malignant entities [24]. AIUBS has been 
widely applied in breast cancer screening, 
tumor characterization, and evaluating res- 
ponse to neoadjuvant chemotherapy [25]. 
Clinical investigations have indicated that AI- 
UBS can improve breast cancer detection ra- 
tes. For example, Giger et al. [26] reported  
a 23.9% increase in sensitivity for detecting 
mammography-negative cancers and a 5.9% 
increase for mammography-positive cancers, 
while maintaining comparable false-positive 
rates. Similarly, Jeh et al. [27], in evaluating 
206 lesions across 173 patients using AIUBS, 
reported a sensitivity of 88.05% and a specific-
ity of 76.25% for differentiating between benign 
and malignant lesions. However, research on 
the use of AIUBS for detecting postoperative 
recurrence and metastasis in breast cancer 
remains limited. In the present study, the inte-
gration of artificial intelligence algorithms wi 
th ultrasound breast system significantly en- 
hanced the predictive performance for postop-
erative recurrence and metastasis, demon-
strating robust stability across diverse da- 
tasets.

Other studies have highlighted the potential of 
AI-based non-invasive methods for assessing 
lymph node metastasis and improving the pre-
diction of lymph node involvement [28]. For 
instance, Sun et al. [29] employed convolution-
al neural networks (CNNs) to predict axillary 
lymph node metastasis from primary breast 
cancer ultrasound images, reporting an AUC  
of 0.72, an accuracy of 72.6%, a sensitivity of 
65.5%, and a specificity of 78.9%. Similarly, Gu 
et al. [30] developed two deep learning nomo-
grams that integrated ultrasound images and 
clinical features from a cohort of 484 breast 
cancer patients before and after neoadjuvant 
chemotherapy (NAC). These nomograms dem-
onstrated robust predictive performance for 
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Table 5. Basic characteristics and differential analysis of external data sets

Variables Total (n = 105) Recurrence and  
Metastasis Group (n = 50)

Non-Recurrence and  
Non-Metastasis Group (n = 55) Statistic P

Age, Mean ± SD 49.55 ± 8.15 50.60 ± 8.55 48.95 ± 7.80 t = 0.40 0.689
Tumor Size (cm), M (Q1, Q3) 2.85 (2.12, 3.80) 3.40 (2.40, 4.50) 2.65 (2.00, 3.25) Z = -3.25 < 0.001
Ki 67(%), M (Q1, Q3) 26.50 (20.00, 37.00) 38.00 (28.00, 51.00) 21.00 (15.50, 26.00) Z = -6.50 < 0.001
Ultrasound Feature Blood Flow, M (Q1, Q3) 4.00 (2.00, 5.00) 4.00 (3.50, 5.00) 3.00 (1.50, 5.00) Z = -3.00 0.003
AIUBS Analysis Strain Ratio, M (Q1, Q3) 3.45 (2.80, 4.35) 4.65 (3.25, 6.10) 3.30 (2.50, 3.75) Z = -5.00 < 0.001
AIUBS Analysis Gray Mean Value, M (Q1, Q3) 58.50 (50.50, 65.75) 50.80 (44.00, 58.20) 63.80 (58.80, 67.80) Z = -5.40 < 0.001
Stage, n (%) - < 0.001
    I 27 (25.71) 18 (36.00) 9 (16.36)
    II 46 (43.81) 29 (58.00) 17 (30.91)
    III 26 (24.76) 3 (6.00) 23 (41.82)
    IV 6 (5.71) 0 (0.00) 6 (10.91)
Ultrasound Feature Boundary, n (%) - 0.064
    Blurred 50 (47.62) 27 (54.00) 23 (41.82)
    Clear 49 (46.67) 23 (46.00) 26 (47.27)
    Relatively_Clear 6 (5.71) 0 (0.00) 6 (10.91)
Ultrasound Feature Morphology, n (%) - < 0.001
    Circular 5 (4.76) 0 (0.00) 5 (9.09)
    Irregular 46 (43.81) 14 (28.00) 32 (58.18)
    Oval 10 (9.52) 0 (0.00) 10 (18.18)
    Regular 38 (36.19) 36 (72.00) 2 (3.64)
    Relatively_regular 6 (5.71) 0 (0.00) 6 (10.91)
AIUBS Analysis Texture, n (%) - < 0.001
    Blurred 6 (5.71) 0 (0.00) 6 (10.91)
    Rough 24 (22.86) 0 (0.00) 24 (43.64)
    Sharp 4 (3.81) 4 (8.00) 0 (0.00)
    Smooth 71 (67.62) 46 (92.00) 25 (45.45)
LNM, n (%) χ2 = 25.10 < 0.001
    No 63 (60.00) 42 (84.00) 21 (38.18)
    Yes 42 (40.00) 8 (16.00) 34 (61.82)
ER Status, n (%) χ2 = 3.76 0.052
    Negative 35 (33.33) 12 (24.00) 23 (41.82)
    Positive 70 (66.67) 38 (76.00) 32 (58.18)
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PR Status, n (%) χ2 = 0.05 0.829
    Negative 51 (48.57) 24 (48.00) 27 (49.09)
    Positive 54 (51.43) 26 (52.00) 28 (50.91)
HER2 Status, n (%) χ2 = 15.80 < 0.001
    Negative 68 (64.76) 42 (84.00) 26 (47.27)
    Positive 37 (35.24) 8 (16.00) 29 (52.73)
AIUBS Analysis Elasticity Score, n (%) χ2 = 7.10 0.115
    1 4 (3.81) 0 (0.00) 4 (7.27)
    2 22 (20.95) 14 (28.00) 8 (14.55)
    3 22 (20.95) 11 (22.00) 11 (20.00)
    4 32 (30.48) 18 (36.00) 14 (25.45)
    5 25 (23.81) 7 (14.00) 18 (32.73)
t: t-test, Z: Mann-Whitney test, χ2: Chi-square test, -: Fisher exact, SD: standard deviation, M: Median, Q1: 1st Quartile, Q3: 3st Quartile, AIUBS: Artificial Intelligence Ultrasound Breast 
System, LNM: Lymph Node Metastasis, ER: estrogen receptor, PR: progesterone receptor, HER2: human epidermal growth factor receptor 2.
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Figure 5. Performance of the model on external data sets. A: Receiver operating characteristic (ROC) curve of the 
model in the external dataset. B: Calibration curve illustrates the agreement between the model’s predicted prob-
abilities and the actual clinical outcomes. C: Confusion matrix metrics of the model in the external dataset. D: Deci-
sion curve analysis (DCA) displaying the net benefit of the model at various risk thresholds. AUC: Area Under the 
Curve. NPV: Negative Predictive Value, PPV: Positive Predictive Value.

tumor response to NAC, with AUCs of 0.903 
and 0.896, respectively, and for post-chemo-
therapy axillary lymph node status, with AUCs 
of 0.853 and 0.863 in independent validation 
and test sets. In alignment with these reports, 
our AI-ABUS-based model achieved an AUC of 
0.77, demonstrating compelling predictive ca- 
pability and satisfactory generalizability. The 
calibration curve exhibited close proximity to 
the ideal diagonal, indicating favorable concor-
dance between predicted and observed out-
comes. Moreover, DCA revealed that the model 
significantly enhanced the net benefit of clini-
cal decision-making across a clinically relevant 
risk threshold range of 10%-60%.

Compared to traditional clinicopathological  
features, AIUBS provides quantitative imaging 

characteristics with enhanced sensitivity and 
accuracy, particularly for detecting small le- 
sions. The invasive potential of breast cancer 
cells is intrinsically linked to angiogenesis and 
lymphangiogenesis, processes that promote 
tumor dissemination and metastasis through 
modulation of the tumor microenvironment 
[31]. With its high-resolution imaging capa- 
bilities, AIUBS can capture subtle structural 
changes associated with these processes, pro-
viding more refined insights into predicting 
breast cancer recurrence and metastasis. 

This study does have certain limitations. First, 
the relatively small sample size warrants vali-
dation of the model’s stability and generaliz-
ability in larger, multi-center studies. Second, 
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while AIUBS demonstrates promise in extract-
ing imaging features, further optimization of 
automated image analysis algorithms and en- 
hancement of image quality and consistency 
remain important avenues for technological 
advancement. Third, future studies could incor-
porate molecular biomarkers and information 
on response to molecular-targeted therapies to 
further refine the model’s predictive accuracy 
and clinical utility.

In conclusion, this study successfully construct-
ed a prediction model for postoperative recur-
rence and metastasis of breast cancer, inte-
grating clinical features with AIUBS imaging 
characteristics. By incorporating key risk fac-
tors such as lymph node metastasis, tumor 
staging, AIUBS tumor morphology, and vascu-
larity, the model demonstrated promising pre-
dictive ability and stability. Its clinical applica-
tion may facilitate more individualized manage-
ment and treatment decisions, potentially lead-
ing to improved patient prognosis and quality of 
life.
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