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Background: Axillary lymph node (ALN) is the most common metastasis path for breast cancer, and ALN dissection directly affects
the postoperative staging and prognosis of breast cancer patients. Therefore, additional research is needed to accurately predict ALN
metastasis before surgery and construct predictive models to assist in surgical decision-making and optimize patient care.
Methods: We retrospectively analyzed the clinical data, radiomics, and pathomics of the patients diagnosed with breast cancer in the
Breast Cancer Center of Hubei Cancer Hospital from January 2017 to December 2022. The study participants were randomly assigned
to either the training queue (70%) or the validation queue (30%). Logistic regression (ie generalized linear regression model [GLRM])
and random forest model (RFM) were used to construct an ALN prediction model in the training queue, and the discriminant power of
the model was evaluated using area under curve (AUC) and decision curve analysis (DCA). Meanwhile, the validation queue was used
to evaluate the ALN prediction performance of the constructed model.

Results: Out of the 422 patients encompassed in the study, 18.7% were diagnosed with ALN by postoperative pathology. The logical
model included shear wave elastography (SWE) related to maximum, minimum, centre, ratio 1, pathomics (Feature 1, Feature 3, and
Feature 5) and a nomogram of the GLRM was drawn. The AUC of GLRM was 0.818 (95% CI: 0.757~0.879), significantly lower than
that of RFM’s AUC 0.893 (95% CI: 0.836~0.950).

Conclusion: The prediction models based on machine learning (ML) algorithms and multiomics have shown good performance in
predicting ALN metastasis, and RFM shows greater advantages compared to traditional GLRM. The findings of this study can help
clinicians identify patients with higher risk of ALN metastasis and provide personalized perioperative management to assist
preoperative decision-making and improve patient prognosis.
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Introduction
Worldwide, breast cancer is still one of the most common female malignant tumors in the clinic.' Due to the lack of
specific manifestations in the early stage of cancer, with the aggravation of the patient’s condition, it is very easy to have
axillary lymph node (ALN) enlargement, areola changes, and other clinical characteristics.” It is worth mentioning that
ALN metastasis is the most common form of metastasis in breast cancer, and determining whether lymph node metastasis
occurs is of vital significance for preoperative staging, surgical selection, and postoperative chemotherapy.*®

In clinical practice, the scope of surgery for breast cancer patients is mainly assisted by ALN biopsy and frozen
section examination. If ALN biopsy indicates metastasis, ALN dissection is particularly necessary. However,
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intraoperative frozen section needs to be evaluated by a professional pathologist, which leads to a significant increase in
operation time and treatment costs.” ' Therefore, a reasonable prediction of lymph node metastasis of breast cancer
before surgery can provide a more reliable basis for clinicians to select surgical methods.

Several studies have explored the risk factors of ALN metastasis in breast cancer patients, but the results are
inconsistent and often limited by population heterogeneity.''™'> In fact, ALN metastasis of breast cancer is a complex
process involving multi-step and multiple mechanisms, which is inevitably related to its own biological
characteristics.>'®!” Fortunately, nowadays, multimodal ultrasound imaging features of breast cancer primary lesions
can effectively reflect the biological characteristics of breast cancer, which also provides potential exploration value for
breast fluid ALN metastasis.'®'® At present, visual observation is still the main way to obtain pathological section
information. With the development of high-throughput processing technology for medical images and the extensive
exploration and mining of high-dimensional data obtained, “pathology omics” has attracted increasing attention.
Pathomics involves generating quantitative features from various data captured from digital pathology images.
Pathogenomic features can provide relevant information about the tumor microenvironment, and current research has
been conducted in cancer risk stratification, prognosis prediction, and adjuvant chemotherapy efficacy prediction. In
addition, machine learning (ML) technology has been widely applied in the field of intelligent healthcare, which has
important practical and social significance for clinical decision-making and diagnosis.® Especially, ML-based models
have high accuracy in predicting medical outcomes and identifying high-risk patients.

Given this situation, our aim is to determine the risk of ALN metastasis in cancer patients. By predicting the risk of
ALN in cancer patients from a microscopic perspective in vivo, we can provide clinical doctors with auxiliary decision-
making opinions and promote individualized treatment processes. In addition to using logistic regression to construct
visual prediction models (ie nomogram), we also utilize improved machine learning algorithms, particularly random
forest analysis, to determine the key factors for predicting ALN transitions. By strengthening the identification and
clinical decision-making of ALN metastasis, we hope to ultimately improve the prognosis of patients.

Materials and Methods

Patients Data Collection

We retrospectively analyzed the clinical data of the patients diagnosed with breast cancer in the Breast Cancer Center of
Hubei Cancer Hospital from January 2017 to December 2022. The inclusion criteria are as follows: (1) patients with
complete ultrasound image and video data; (2) all patients received breast cancer resection and lymph node dissection.
Exclusion criteria are as follows: (1) patients who have not obtained clear pathological results; (2) patients with a history
of breast-related radiation and chemotherapy; (3) pregnant or lactating patients; (4) patients with missing or incomplete
clinical medical records. Our study complies with the Helsinki Declaration and has been approved for implementation by
the Ethics Committee of Hubei Cancer Hospital (LLHBCH2024YN-043). In addition, as this study is a retrospective
study, all patient medical records included in the study are kept confidential to ensure that patient privacy is not
compromised. The process and patient inclusion of this study are shown in Figure 1.

Data Preprocessing and Feature Selection
We used the Siemens S300 ultrasound diagnostic instrument to obtain image data. In routine ultrasound examination,
patients are scanned in multiple sections and angles to examine both breasts and armpits. After determining the patient’s
lesion, we recorded the maximum diameter, posterior echo, calcification, and other ultrasound features of the lesion in
two-dimensional grayscale mode, as well as the alder blood flow grading of the lesion in color Doppler mode. However,
in the two-dimensional grayscale mode, the ultrasound probe is lightly placed at the maximum cross-sectional skin of the
lesion, switched to virtual touch tissue imaging (VTI) mode, and continuously obtained VTI images. Then, the VTI
images are imported into Imagel software for image analysis to obtain the average optical density value of VTI, the
average optical density value of VTI lesion edge, and so on.

Additionally, we also obtain the shear wave velocity, maximum and minimum values of the shear wave velocity, and
so on in a two-dimensional grayscale mode. To ensure the accuracy of ultrasound image data acquisition, all data were
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Figure | Patient inclusion and prediction model construction process.

measured three times, and the average value was taken. The above ultrasound examinations were analyzed using images
and videos by two ultrasound physicians with more than five years of diagnostic experience, as well as discussions with
senior physicians to reach a consensus. The ultrasound image acquisition process is shown in Figure 1.

Pathological Omics Parameter Acquisition
Pathologists collected biopsy samples of breast cancer patients with thick needle puncture and then made pathological
slides. Firstly, soak the biopsy tissue in formalin with a concentration of 10% for 4 hours, and then embed it in
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immunohistochemical paraffin. Subsequently, the wax blocks were sliced at intervals of 4 p m and stained with
hematoxylin and eosin for pathological evaluation. Pathologists use a digital slide scanner (KFBio KF-PRO-020) to
scan all pre-treatment tissue pathology sections at a 40x scanning magnification to obtain digital pathology sections of the
patient. In the digital section manager, the sample is magnified by 10 times. The pathologist selects a representative
sample area and obtains a 512 x 512 pixel screenshot, which is then confirmed by another pathologist who has 3 years
and 8 years of experience in pathological diagnosis of breast cancer. If two pathologists have different opinions, they will
discuss with the third pathologist to make a decision.

Machine Learning Models Construction

Firstly, we used the multivariate ordered logistic regression (OLR) algorithm to create candidate variables from the
training set. Next, we developed a feature mapping algorithm (FMA) that converts candidate variables into nomogram.
The calculation formula is as follows: CN; = Z}’:1F]i7j X MV;. Among them, FI; ; is the feature importance of the i-th
clinical feature in the jth trained prediction model, MVj is the value of the jth prediction model in the nomogram, where
i€ (1, M) and j € (2, n), where M is the number of clinical features and n is the number of generalized linear model
(GLRM), respectively. Additionally, the random forest model is mainly based on the Gini impure formula, which is Gini
(U)=3. p (ui) x (1-p (ui)), where p (ui) represents the probability that the random sample belongs to category i.

Performance Assessment of ML Algorithms

The performance evaluation of ALN prediction models based on training sets mainly relies on the area under the curve
(AUC) to evaluate the discriminative performance of the model, as well as the DeLong test to compare the differences
between two AUCs. In addition, we also plotted decision curve analysis (DCA) to evaluate the calibration capability of
the nomogram model. Then, the contribution of each feature to the prediction results was calculated, and the importance
of each feature in RFM analysis was quantified using SHapley Additive exPlanations (SHAP). The validation queue was
used for internal validation to evaluate the overall performance.

Statistical Analysis

Continuous variables and categorical data were represented using interquartile intervals and percentages, respectively.
The #-test or Mann—Whitney U-test was used to test continuous variables that conform to the normal distribution and
homogeneity of variance, while the Kruskal-Wallis H-test was used to test continuous and categorical variables that do
not conform to homogeneity of variance. The data analysis and visualization involved in this study were completed using

R software (version 4.2.3, download address: https://www.r-project.org/). Bilateral p-values less than 0.05 were con-

sidered statistically significant.

Results

Characteristics and Baseline of ALN Metastasis in Breast Cancer Patients

A total of 422 patients diagnosed with breast cancer during the study period were included in the analysis and randomly
divided into the training cohort (n=295) and the validation cohort (n=127). Among them, there were 169 invasive ductal
carcinoma, 59 ductal carcinoma in situ (initial diagnosis), 66 invasive ductal carcinoma with other cancers (ie carcinoma
in situ, mucinous carcinoma, myeloid carcinoma), 52 simple myeloid carcinoma, 53 simple mucinous carcinoma, and 23
simple lobular carcinoma. Additionally, among the 422 patients, a total of 79 cases experienced ALN metastasis, with ALN
metastasis accounting for 17.6% and 21.3% in the training and validation sets, respectively. Alarmingly, in the conventional
ultrasound feature parameters, there were significant statistical differences in short diameter, cortical thickness, SWEmax,
SWEmax/min, SWVmin, SWVcentre, SWVratio 1, feature 1 (Granularity 5 OrigGray), feature 3 (StDev Identify
SecondaryObjects Areashape BoundingBoxMinimum_Y), and feature 5 (ExecutionTime 09MeasureGranularity). The clin-
ical baseline data and ultrasound images of all patients are presented in Table 1 and Supplementary Table 1.
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Table | Patient Baseline Characteristics and Multi-Omics Parameters
Variables Overall (N=422) ALN (N=79) Non-ALN (N=343) | P-value
Age (median [IQR]), year 39.00 [28.00, 49.00] | 42.00 [31.00, 46.00] | 38.00 [27.00, 49.50] 0.383
Tumor diameter (%), cm
23 205 (48.6) 46 (58.2) 159 (46.4) 0.075
<3 217 (51.4) 33 (41.8) 184 (53.6)
Quadrant (%)
Inner upper 107 (25.4) 20 (25.3) 87 (25.4) 0.064
Inner lower 99 (23.5) 20 (25.3) 79 (23.0)
Outer upper 103 (24.4) I (13.9) 92 (26.8)
Outer down 113 (26.8) 28 (35.4) 85 (24.8)
Stage (%)
| 220 (52.1) 44 (55.7) 176 (51.3) 0.563
I 202 (47.9) 35 (44.3) 167 (48.7)
Differentiation (%)
Low 147 (34.8) 21 (26.6) 126 (36.7) 0.082
Moderate 139 (32.9) 34 (43.0) 105 (30.6)
High 136 (32.2) 24 (30.4) 112 (32.7)
Internal echo (%)
Uniform 195 (46.2) 36 (45.6) 159 (46.4) 0.999
Uneven 227 (53.8) 43 (54.4) 184 (53.6)
Posterior echo (%)
Attenuation 201 (47.6) 33 (41.8) 168 (49.0) 0.302
Non-attenuation 221 (52.4) 46 (58.2) 175 (51.0)
Boundary (%)
Clear 206 (48.8) 36 (45.6) 170 (49.6) 0.606
Blur 216 (51.2) 43 (54.4) 173 (50.4)
Long diameter (median [IQR]), mm 15.00 [13.70, 16.30] | 14.90 [13.55, 16.50] | 15.00 [13.75, 16.25] 0.931
Short diameter (median [IQR]), mm 551 [5.10, 6.11] 8.10 [7.36, 8.84] 5.36 [5.02, 5.76] <0.001
Cortical thickness (median [IQR]), mm | 2.18 [2.00, 2.37] 3.39 [3.08, 3.86] 2.13 [1.95, 2.28] <0.001
ER (%)
Negative 210 (49.8) 38 (48.1) 172 (50.1) 0.839
Positive 212 (50.2) 41 (51.9) 171 (49.9)
PR (%)
Negative 209 (49.5) 45 (57.0) 164 (47.8) 0.18
Positive 213 (50.5) 34 (43.0) 179 (52.2)
HER?2 (%)
Negative 198 (46.9) 40 (50.6) 158 (46.1) 0.543
Positive 224 (53.1) 39 (494) 185 (53.9)
Ki67 (%)
Negative 220 (52.1) 39 (494) 181 (52.8) 0.674
Positive 202 (47.9) 40 (50.6) 162 (47.2)
Elastic score (%)
23 222 (52.6) 45 (57.0) 177 (51.6) 0.462
<3 200 (47.4) 34 (43.0) 166 (48.4)
Alder blood (%)
0~I 268 (63.5) 35 (44.3) 233 (67.9) <0.001
I~ 154 (36.5) 44 (55.7) 110 (32.1)
Enhance speed (%)
Fast 216 (51.2) 43 (54.4) 173 (50.4) 0.606
Slow 206 (48.8) 36 (45.6) 170 (49.6)
Feature | (median [IQR]) 7.80 [7.20, 8.30] 14.80 [13.00, 17.30] | 7.60 [7.10, 8.10] <0.001
Feature 2 (median [IQR]) 7.60 [4.73, 10.10] 7.00 [4.30, 9.70] 7.90 [4.95, 10.10] 0.176
(Continued)
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Table | (Continued).

Variables Overall (N=422) ALN (N=79) Non-ALN (N=343) | P-value
Feature 3 (median [IQR]) 15.40 [12.10, 18.28] | 7.00 [6.00, 8.35] 16.20 [14.15, 18.80] <0.001
Feature 4 (median [IQR]) 8.40 [6.60, 10.20] 8.90 [6.30, 10.30] 8.40 [6.70, 10.10] 0.9
Feature 5 (median [IQR]) 13.30 [10.40, 16.28] | 6.90 [5.60, 8.40] 14.50 [11.95, 16.90] <0.001
Feature 6 (median [IQR]) 2.30 [1.50, 3.10] 2.20 [1.45, 2.80] 2.30 [1.50, 3.10] 0.375
Feature 7 (median [IQR]) 7.20 [3.92, 9.67] 6.20 [3.25, 9.25] 7.30 [4.20, 9.75] 0.126
Perfusion defect (%)

Fast 213 (50.5) 34 (43.0) 179 (52.2) 0.18
Slow 209 (49.5) 45 (57.0) 164 (47.8)

Calcification (%)

Yes 190 (45.0) 32 (40.5) 158 (46.1) 0.441
No 232 (55.0) 47 (59.5) 185 (53.9)

SWEmax (median [IQR]) 6.76 [6.03, 7.42] 8.58 [8.17,9.31] 6.49 [5.90, 7.02] <0.001
SWEmax/min (median [IQR]) 1.81 [1.58, 2.06] 2.53 [2.21, 2.90] 1.72 [1.53, 1.91] <0.001
SWVmax (median [IQR]), m/s 8.30 [7.50, 9.17] 8.40 [7.60, 9.10] 8.30 [7.30, 9.20] 0.443
SWVmin (median [IQR]), m/s 2.90 [2.40, 3.50] 2.20 [1.90, 2.30] 3.10 [2.60, 3.70] <0.001
SWVcentre (median [IQR]), m/s 3.80 [3.30, 4.50] 3.00 [2.70, 3.30] 4.10 [3.60, 4.60] <0.001
SWVmean (median [IQR]), m/s 4.95 [4.70, 5.10] 5.00 [4.70, 5.10] 4.90 [4.70, 5.20] 0.54
SWVratio | (median [IQR]) 2.00 [1.70, 2.30] 3.10 [2.60, 3.70] 1.90 [1.70, 2.20] <0.001
SWVratio 2 (median [IQR]) 4.00 [3.70, 4.30] 4.00 [3.80, 4.20] 4.00 [3.70, 4.30] 0.85

Abbreviations: ALN, axillary lymph node; IQR, interquartile range; ER, estrogen receptor; PR, progesterone receptor; HER2, Human epidermal growth
factor receptor-2; SWV, Shear wave velocity; SWE, Shear wave elastography; Feature |, Granularity 5 OrigGray; Feature 2, StDev_ldentify
SecondaryObjects_Texture_Contrast_Hematoxylin_3_03_256; Feature 3, StDev_ldentifySecondaryObjects_Areashape_BoundingBoxMinimum_Y;
Feature 4, StDev_ldentifySecondaryObjects_AreaShape_Zernike_6_2; Feature 5, ExecutionTime_09MeasureGranularity; —Feature 6,
Correlation_Slope_Eosin_OrigGray; Feature 7, Granularity_06_Eosin.

Candidate Predictive Factors Selection Related to ALN Metastasis

To select the best combination of candidate variables, the Lasso regression was used to determine the optimal subset of
clinical features in the ALN metastasis prediction model, resulting in a total of ten features, namely short diameter,
cortical thickness, SWEmax, SWEmax/min, SWVmin, SWVcentre, SWVratio 1, Feature 1, Feature 3, and Feature 5
(Figure 2 and Supplementary Figure 1). Additionally, multivariate logistic regression analysis was conducted to

determine independent risk factors for ALN metastasis.

The results showed that SWEmax (odds ratio (OR)=2.29, 95% confidence interval (CI): 0.77~3.41), SWEmin
(OR=3.11, 95% CI: 0.83~5.29), SWEcentre (OR=1.98, 95% CI: 0.99~4.56), SWVratio 1 (OR=1.14, 95% CI:
0.71~2.91), feature 1 (OR=2.26, 95% CI: 0.87~4.89), feature 3 (OR=1.59, 95% CI: 0.65~3.67), and feature 3
(OR=2.71, 95% CI: 0.53~4.82) were significantly associated with the occurrence of ALN metastasis (Table 2).

Construction and Evaluation of Nomogram Predictive Model for ALN Metastasis
Based on the independent risk factors for ALN metastasis mentioned above, a nomogram prediction model was
established (Figure 3A). In the training queue, the AUC was 0.818 (95% CI: 0.757~0.879), with a sensitivity of 0.50
and a specificity of 0.95. In the validation queue, the AUC was 0.799 (95% CI: 0.738~0.860), with a sensitivity of 0.53
and a specificity of 0.96. The calibration curve showed good consistency between the predicted probability and the actual
probability, indicating that the nomogram had good predictive performance (Figure 3B).

Random Forest ALN Predictive Model Based on Improved ML Algorithm

In the RFM, the AUC of the training queue reached 0.893 (95% CI: 0.836~0.950), with a sensitivity of 0.88 and
a specificity of 0.99 (Figure 4), significantly better than the AUC of the traditional GLRM (P<0.05). In the validation
queue, the AUC of the RFM reached 0.891 (95% CI: 0.834-0.948), with a sensitivity of 0.75 and a specificity of 0.99
(Table 3 and Figure 5). According to the importance ranking of predictive variable characteristics, as shown in
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Table 2 Univariate and Multivariable Logistic Regression Analyses for Selecting
Candidate Predictive Features

Variables Univariate Analysis | P-value | Multivariate Analysis | P-value
OR 95% CI OR 95% CI
SWEmax 2.26 0.87~3.49 <0.05 229 0.77~3.41 <0.01
SWEmin 3.17 0.72~4.14 <0.05 3.1 0.83~5.29 <0.01
SWEcentre 2.54 1.09~4.68 <0.01 1.98 0.99~4.56 <0.01
SWEratio | 1.17 0.63~3.26 <0.01 I.14 0.71~2.91 <0.01
Feature | 2.82 0.83~4.42 <0.01 226 0.87~4.89 <0.01
Feature 3 1.63 0.77~3.85 <0.01 1.59 0.65~3.67 <0.01
Feature 5 2.52 0.82~4.73 <0.01 271 0.53~4.82 <0.01

Abbreviations: OR, odds ratio; 95% Cl, 95% confidence interval.

Supplementary Table 2, short diameter, cortical thickness, SWEmax, SWEmax/min, SWVmin, and Alder blood were
identified as the six major important variables, while other pathomics obtained a closely following position.

Meanwhile, we used SHAP to evaluate the RFM, as shown in Supplementary Figure 1. It was also observed that short
diameter, cortical thickness, SWEmax, SWEmax/min, SWVmin, SWVcentre, SWVratio 1, Feature 1, Feature 3, and
Feature 5 played the most crucial roles in predicting and interpreting RFM. Specifically, short diameter, cortical

thickness, SWEmax, SWEratio 1, and some pathomics were associated with an increased risk of ALN metastasis.
Consistent with the calibration curve results, we found that decision curve analysis showed that RFM was more robust
and accurate than nomograms in predicting the performance and net benefits of ALN (Figure 5). The above results
indicate that although ALN prediction models constructed based on different machine learning algorithms can distinguish
the risk of ALN occurrence, the prediction model constructed by combining RFM with multi-omics has better
performance and is therefore more suitable for clinical decision-making assistance.

Discussion

ALN metastasis is the earliest and most common form of breast cancer metastasis, and accurate preoperative evaluation
of axillary lymph node status is crucial for the staging, treatment, and future of breast cancer.”*' It is worth mentioning
that for sentinel lymph node biopsy of breast cancer, the accuracy of intraoperative diagnosis, selection of the best tracer,
and detection guidelines and standards for the determination of micrometastasis have not yet been unified, and sentinel
lymph node biopsy is expensive, requires accurate preoperative localization and accurate pathological diagnosis, and is
prone to produce false-negative results.”> >> Therefore, it is urgent to explore a non-invasive method to accurately
evaluate the status of ALN in patients with breast cancer before surgery. In this study, we found that ML algorithm plays
a crucial role in building ALN metastasis predictive models, especially in helping clinical decision-makers accurately
identify high-risk patients and provide timely and accurate treatment, thereby improving patient prognosis.

Although existing imaging methods such as mammography and magnetic resonance imaging have certain value in the
diagnosis and differential diagnosis of benign and malignant breast nodules, most Chinese women’s breasts are dense (ie
C-type or D-type) glands, which pose extremely strict requirements for mammography and to some extent limit
diagnostic effectiveness.”*?® In addition, small nodules in dense breast are prone to false-negative results such as
missed diagnosis and misdiagnosis, and for young and lactating women, X-ray imaging is radiation sensitive, so it should
be avoided.?*** The various examination modes of MRI are helpful in evaluating the invasion and infiltration of breast
tumors into surrounding normal tissues.>*>' In contrast, enhanced mode, the blood flow pattern and perfusion pattern of
breast nodules and ALN can be clearly displayed. However, the examination is expensive and time-consuming, and
patients with clear contraindications cannot undergo MRI examination. MRI also shows insensitivity to various types of

calcification. Therefore, it cannot be recommended as a routine examination method. In contrast, conventional ultrasound
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Figure 3 Nomogram visual prediction model for predicting ALN. (A) Nomogram; (B) Calibration curve.
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Table 3 Evaluation of Predictive Performance of ALN Prediction Model Based on ROC

Prediction Model Training Set International Set

AUC 95% ClI PPV | NPV | AUC 95% CI PPV | NPV

RFM 0.893 | 0.836~0.950 | 0.88 | 0.99 | 0.89] | 0.834~0.948 | 0.75 | 0.99
GLRM 0.818 | 0.757~0.879 | 0.50 | 0.95 | 0.799 | 0.738~0.860 | 0.53 | 0.96

Abbreviations: AUC, Area under the curve; 95% Cl, 95% confidence interval; PPV, Positive predictive value; NPV,
negative predictive value; RFM, Random forest model; GLRM, Generalized linear regression.

examination has advantages such as simple operation, non-invasive and radiation free, fast imaging speed, and low cost.
It has been widely used in early detection of breast diseases and ALN.

In this study, we found that ultrasound image segmentation technology of ALN in breast cancer can make early diagnosis
of breast cancer, thus prolonging the life of patients. Currently, ultrasound image segmentation algorithms based on thresholds,
regions, and edges have been widely applied in medical image processing.*** Previous studies have shown that ultrasound
examination of breast cancer can reflect the characteristics of tumor diameter, tumor margin, etc., especially tumor diameter
>3cm, tumor margin blurring are independent risk factors for ALN metastasis of early breast cancer.’*>® However, the
integration of ultrasound imaging parameters into the construction of ALN prediction models has not been fully utilized in the
past. For the first time, we utilized ultrasound image segmentation technology and found that a batch of candidate parameters
can greatly improve the predictive performance of ALN prediction models. For example, multivariate logistic regression
analysis determined that preoperative elasticity score, maximum diameter, posterior echo attenuation, and Adler blood flow
grading were important risk factors for the occurrence of ALN. Although the predictive performance of the RFM is superior to
that of the GLRM, it is worth noting that the three most important variables selected by the RFM analysis are consistent with
the GLRM, namely elasticity score, maximum diameter, posterior echo attenuation, and Adler blood flow grading.
Collectively, both machine learning algorithms consistently demonstrate the irreplaceable weight and predictive performance
of ultrasound imaging parameters in predicting ALN.

In clinical practice, the decision to perform rapid frozen section pathological analysis during surgery is often
based on the surgeon’s experience or specific intraoperative conditions. However, this empirical and situational
decision-making can lack precision, potentially leading to ALN at the resection site. Fortunately, pathological
genomics has emerged as a valuable tool for studying tumor cell heterogeneity and predicting tumor prognosis.
By identifying relevant spatial relationships to classify cell interactions and signal transduction, as well as
quantifying the intrinsic variability of different phenotypes and biological behaviors in tumor cells, this approach
helps analyze and predict clinical outcomes and treatment responses following tumor surgery. In this study, we
extracted a large number of pathological features from H&E-stained slides using CellProfiler image analysis
software and applied the LASSO regression algorithm to propose specific pathological features. These findings
suggest that pathological feature scores may serve as a potential biomarker for predicting ALN.

Our study unavoidably presented several limitations that should be acknowledged. First, our study belongs to
a retrospective and single-center design, which may limit the generalizability of the research results. Therefore, it is
necessary to conduct external validation in different patient cohorts in the future to evaluate the robustness and
applicability of predictive models in different medical environments. Second, the number of clinical machine
learning algorithms based on this study is limited (limited to GLRM and RFM), and future research may benefit
from incorporating additional machine learning algorithms to improve the predictive performance of ALN. Third,
there is no doubt that imaging data play a crucial role in the prediction of early lymph node metastasis of breast
cancer. However, only ultrasound image segmentation data is included this time. In the future, we still need to focus
on potential variables such as gray-level co-occurrence matrix based on ultrasound imageomics. Integrating them
into the clinical ALN prediction model may further improve its diagnostic efficiency and prediction ability.
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Figure 5 Performance evaluation of predictive models based on DCA. (A) Training cohort; (B) Testing cohort.

Conclusion

In conclusion, both GLRM and RFM had good predictive ability in identifying high-risk breast cancer patients with
potential ALN metastasis. In particular, the proposed random forest based-ALN metastasis prediction model using
ultrasound images and pathomics is an easy-to-use and powerful tool that can accurately predict the ALN metastasis risk
stratification of cancer patients and provide important information for individual diagnosis and treatment of breast cancer.
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