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Introduction/Background: This study developed and externally validated an integrated model combining clinical variables,
systemic immune-inflammation index (SII), DCE-MRI radiomics score (RadScore), and deep learning score (DLScore) for preopera-
tive prediction of axillary lymph node metastasis (ALNM) in breast cancer.

Materials and Methods: A retrospective dual-center cohort included 212 patients in the training cohort and 121 patients in the
external validation cohort. Clinical data, inflammatory indices, and DCE-MRI images were analyzed. Radiomic and deep learning
features were reduced to RadScore and DLScore, ten logistic regression models were compared using ROC analysis, calibration, and
decision curve analysis.

Results: ALNM rates were comparable in training and validation cohorts (47.17% and 47.11%). The integrated model achieved the
best discrimination, with AUC of 0.972 in the training cohort and 0.942 in the external validation cohort, and showed good calibration
and superior net benefit across clinically relevant threshold. Combining local DCE-MRI phenotypes with systemic inflammatory status
improved predictive performance and external generalizability compared with single-modality models. These findings support multi-
modal integration as a non-invasive adjunct for preoperative ALNM risk stratification.

Conclusion: The integrated model may assist individualized preoperative axillary assessment in breast cancer patients. Prospective
multicenter validation, workflow evaluation, and further interpretability analysis are still required before routine clinical
implementation.

Keywords: Breast cancer, axillary lymph node metastasis, dynamic contrast-enhanced magnetic resonance imaging, systemic

immune-inflammation index, deep learning

Introduction

Breast cancer remains the most frequently diagnosed malignancy among women globally, imposing a substantial burden
on public health systems worldwide.' Axillary lymph node metastasis (ALNM) serves as a pivotal prognostic indicator
and determines the therapeutic strategy, ranging from sentinel lymph node biopsy (SLNB) to axillary lymph node
dissection (ALND).? Accurate preoperative assessment of ALNM status is crucial for avoiding unnecessary surgical
morbidity, such as lymphedema, while ensuring adequate oncological control.> However, current conventional imaging
modalities, including ultrasound and morphological MRI, rely heavily on size and shape criteria, which often fail to
detect micrometastases or differentiate reactive hyperplasia from malignant infiltration, resulting in suboptimal sensitivity
and specificity.*>
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In recent years, radiomics and deep learning (DL) have emerged as powerful tools for non-invasive tumor phenotyp-
ing. Radiomics extracts high-throughput quantitative descriptors from medical images and characterize intratumoral
heterogeneity not visible on routine visual assessment.® DL algorithms, particularly convolutional neural networks
(CNNG), can automatically learn hierarchical imaging patterns related to metastatic behavior.” Recent DCE-MRI radio-
mics and DL studies have shown promise for ALNM prediction,® ' but most models remain imaging-centric, and may
not fully capture systemic biological conditions that facilitate metastasis.

Tumor progression and metastasis are not solely determined by local tumor morphology but are also influenced by the
systemic immune-inflammatory microenvironment.'* SII, calculated from peripheral neutrophil, lymphocyte, and platelet
counts, reflects the balance among inflammation, immune surveillance, and platelet-mediated tumor dissemination.'”
Elevated SII may indicate neutrophil-driven tumor invasion, platelet-facilitated adhesion and lymphatic spread, and
lymphocyte-related impairment of antitumor immunity, thereby providing a mechanistic basis for its association with
metastatic potential in breast cancer.'®!”

Therefore, multimodal fusion may improve ALNM prediction by integrating complementary information from local
imaging phenotypes and systemic host status. We hypothesize that an integrated model combining clinical characteristics,
SII, DCE-MRI radiomics and DL features would outperform single-modality models and remain robust in an external center.

Accordingly, this two-center retrospective study aimed to develop and externally validate an integrated prediction
model combining clinical features, SII, RadScore, and DLScore for preoperative ALNM prediction in breast cancer.
Model discrimination, calibration, clinical utility, and feature contribution were evaluated to clarify both predictive
performance and potential clinical applicability.

Materials and Methods
Study Design and Ethical Compliance

This study was a retrospective dual-center cohort study conducted in strict accordance with the Declaration of Helsinki.
The study protocol was approved by the Ethics Committee of Ganzhou Maternal and Child Health Hospital (Approval
No.: 2025-LunShenLin-111). Written informed consent from all participants was waived by the ethics committee due to
the retrospective study design. All study data and analytical codes are available from the corresponding author upon
reasonable request.

Study Participants

Study Cohort

According to predefined inclusion and exclusion criteria, 212 breast cancer patients admitted to Ganzhou Maternal and
Child Health Hospital from January 2016 to August 2025 were retrospectively enrolled as the training cohort, and 121
patients admitted to The Affiliated Hospital of Xuzhou Medical University during the same period were enrolled as the
external validation cohort. Because the study period was long, patient acquisition was restricted to cases with complete
preoperative DCE-MRI, blood tests, and pathological confirmation, and image preprocessing and feature extraction were
standardized across all included cases to reduce temporal and inter-center heterogeneity. Pathological diagnoses of all
participants were independently confirmed by two senior pathologists with more than 10 years of experience; discrepant
opinions were resolved by consensus.

Inclusion Criteria

® Pathologically confirmed breast malignant tumors (invasive ductal carcinoma, ductal carcinoma in situ) with definite
axillary lymph node status confirmed by surgical pathology; @ Completion of DCE-MRI examination within 2 weeks
before surgery; ® Female patients aged over 18 years with complete clinical baseline data; @ Completion of routine
blood tests within 3 days before surgery; & Complete clinical data, imaging datasets and pathological results.

Exclusion Criteria
(O A history of other malignant tumors; @ Receipt of neoadjuvant radiotherapy, chemotherapy, endocrine therapy or
immunotherapy before surgery; 3 Abnormal routine blood test indicators caused by severe infection, hematological
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diseases or other factors; @ Poor quality of MRI images (motion artifacts, low signal-to-noise ratio) that interfere with
feature extraction; (® Pregnant or lactating women.

Data Collection and Preprocessing

Clinical Baseline Data Collection

Clinical data were extracted from the hospital electronic medical record system, including age, maximum tumor diameter
(MTD, confirmed by pathological reports), short-axis diameter of axillary lymph nodes (SAD ALN, measured by
preoperative ultrasonography), tumor location, pathological type, receptor status, Ki-67, and molecular subtype when
available. Molecular subtype was assessed in baseline comparisons but was not retained in the final model because it was
not significantly associated with ALNM in the training cohort and to preserve a parsimonious preoperative model.
Lymphovascular invasion was not included because it is a postoperative pathological variable and was incompletely
documented in the retrospective records. The outcome variable was defined as ALNM status: 1 for pathologically
confirmed metastasis, 0 for no metastasis.'!

Calculation of Inflammatory Indices

Preoperative routine blood test results (within 3 days before surgery) were collected, and neutrophil count (N),
lymphocyte count (L), monocyte count, white blood cell count and platelet count (P) were extracted. The systemic
immune-inflammation index (SII) and other inflammatory ratios were calculated with the following formula: SII = (N x
P)/L; neutrophil-to-lymphocyte ratio (NLR) = N/L; platelet-to-lymphocyte ratio (PLR) = P/L; monocyte-to-lymphocyte
ratio (MLR) = monocyte count/L; white blood cell-to-lymphocyte ratio (WLR) = white blood cell count/L."?

Examination and Feature Extraction Methods

Instrument and Equipment

Image acquisition was performed using a GE 3.0T MRI scanner with a 16-channel breast coil. All subjects were placed in
a prone position with bilateral breasts naturally hanging down in the dedicated coil detection area. The scanning protocol
included: O Routine plain scan of bilateral breasts; @ Diffusion-weighted imaging (DWI); ® Dynamic contrast-
enhanced imaging (DCE-MRI). For DCE-MRI, gadopentetate dimeglumine (Gd-DTPA) was used as the contrast
agent, administered via intravenous bolus injection at a dose of 0.2 mmol/kg body weight and an injection rate of
1.5 mL/s, followed by 20 mL normal saline flushing at the same flow rate. A total of 9 consecutive phase image datasets
were acquired, with 30 seconds per phase.'?

Image Preprocessing

The fourth phase of DCE-MRI images was exported in DICOM format and preprocessed using Python 3.9 and the
Simple ITK library: the N4 bias correction algorithm was applied to eliminate magnetic field inhomogeneity, and voxels
were resampled to an isotropic resolution of 1x1x1 mm?>. Regions of interest (ROIs) were manually delineated slice by
slice along the tumor lesion edge in a semi-automatic manner using ITK-SNAP 4.2.2 software by a deputy chief
radiologist with more than 10 years of breast disease diagnosis experience. Necrotic and normal tissues were carefully
excluded to construct the whole tumor volume of interest (VOI) (Figure 1).

Radiomics Feature Extraction
A total of 926 radiomic features were extracted from DCE-MRI image ROIs using the Pyradiomics package, classified
into two primary categories: (O Shape features (n=16): surface area, volume, sphericity, among others; @ Non-shape
features (n=910): comprising first-order statistics (n=18): mean, standard deviation, skewness, kurtosis, entropy, among
others; texture features (n=73): gray-level co-occurrence matrix (GLCM, n=22), gray-level run length matrix (GLRLM,
n=16), gray-level size zone matrix (GLSZM, n=16), gray-level dependence matrix (GLDM, n=14), gray-level difference
matrix (GLDM, n=5); and derived image features (n=91): original images (n=91), Laplacian of Gaussian (LoG)-derived
images (n=91), and wavelet transform-derived images (n=728; 8 transform types).

To validate the reliability of radiomic feature extraction, DCE-MRI data from 30 randomly selected participants were
independently re-analyzed: ROIs were redelineated and radiomic features re-extracted by a second senior breast
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Figure |1 DCE-MRI image of a 52-year-old female patient with an irregular mass in the upper outer quadrant of the left breast, showing a washout enhancement curve in
dynamic contrast-enhanced imaging. The blue arrow indicates the breast tumor lesion/region of interest delineated on DCE-MRI.

radiologist with more than 10 years of subspecialty experience. Inter-observer agreement was assessed using the
intraclass correlation coefficient (ICC), and only features with an ICC > 0.75 (substantial agreement) were retained for
subsequent statistical analyses.

Deep Learning Feature Extraction

First, a rectangular region encompassing the maximum tumor cross-section was cropped as the ROI on axial DCE-MRI
images. Following cropping, images were resized to a standard resolution of 224x224 pixels via linear interpolation. To
improve the generalizability of the deep learning model, data augmentation was performed by applying random rotation
(£15°), horizontal/vertical flipping, and Gaussian noise (6=0.01) to the images.

Using deep transfer learning with the ImageNet dataset, model parameters were updated via a global fine-tuning
strategy to adapt the ResNet50-based CNN model to ALNM prediction. ResNet50 was selected as a widely used, stable
backbone for transfer learning in relatively small medical imaging datasets, and data augmentation was used to reduce
overfitting. ResNet50 model comprised Bottleneck modules with a layer configuration of,>*® and a 1000-dimensional
feature vector was generated from the final fully connected layer. Deep learning feature extraction was implemented
using the PyTorch with GPU acceleration enabled, and 1000 deep learning features were extracted from the trained
model. Comparative testing of alternative architectures was not performed and is acknowledged as a limitation.

Construction of RadScore and DLScore Models
Radiomic and deep learning feature selection was conducted via four sequential steps: O Removal of redundant zero-
variance features and non-informative features via the ¢-test or Mann—Whitney U-test; @) Elimination of highly correlated
features (r>0.60) via Pearson correlation analysis; @) Subsequent screening of ALNM-associated key features using the
minimum redundancy maximum relevance (mRMR) algorithm; @ Final feature selection via least absolute shrinkage
and selection operator (LASSO) regression. A total of 14 radiomic features and 13 deep learning features were ultimately
selected (Figures 2 and 3).

The selected features were independently weighted and summed to generate the radiomic score (RadScore) and deep
learning score (DLScore), which provided a quantitative foundation for the subsequent development of radiomic and
deep learning prediction models.

Statistical Analysis

All statistical analyses were performed using R software (version 4.3.2). Continuous variables with a normal distribution
were expressed as mean =+ standard deviation ($$x\pm $$) and compared using the independent-samples #-test; non-
normally distributed continuous variables were expressed as median (interquartile range) [M (Q1, Q3)] with the Mann—
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Figure 2 LASSO regression screening process of radiomic features for predicting axillary lymph node metastasis. (A) shows the cross-validation curve for selection of the
tuning parameter A, and the red dotted vertical line indicates the selected A value. (B) shows the coefficient path diagram, in which each colored curve represents the
coefficient trajectory of one radiomic feature as A changes.
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Figure 3 LASSO regression screening process of deep learning (DL) features for predicting axillary lymph node metastasis. (A) shows the cross-validation curve for
selection of the tuning parameter A, and the red dotted vertical line indicates the selected A value. (B) shows the coefficient path diagram, in which each colored curve
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Whitney U-test for intergroup comparisons. Categorical variables were expressed as n (percentage) [n (%)], and the chi-
square (y°) test or Fisher’s exact test was used for intergroup comparisons as appropriate. A two-sided P < 0.05 was
considered statistically significant.

Univariate logistic regression analysis was performed to screen potential predictive factors of ALNM. Ten predictive
models were developed based on the selected optimal features and clinical applicability, all constructed using the logistic
regression algorithm. R packages including dplyr, caret, glmnet and pROC were used for model building and validation.

The discriminatory ability of each model was evaluated using the ROC curve and area under the curve (AUC), with
sensitivity, specificity, accuracy, positive predictive value (PPV), negative predictive value (NPV) and their 95%
confidence intervals (95% CI) calculated as secondary metrics. Calibration curves and the Hosmer-Lemeshow test
were applied to assess the consistency between predicted probabilities and actual ALNM rates. Decision curve analysis
(DCA) was used to evaluate the clinical net benefit of each model within different threshold probability ranges.

No formal a priori sample size calculation was performed because of the retrospective cohort design. The training
cohort comprised 212 patients with 100 ALNM events, providing an events-per-variable ratio greater than 10 for the 6
predictors in the final integrated model (RadScore, SAD ALN, DLScore, MTD, SII, and age). To limit overfitting,
feature dimensionality was reduced before model construction, cross-validation was used during feature subset selection,
and final performance was tested in an independent external validation cohort. Nevertheless, the limited sample size and

wide confidence intervals for some estimates were considered when interpreting the results.

Results
Baseline Characteristics of Study Participants
Among the 212 participants in the training cohort, 100 (47.17%) had pathologically confirmed ALNM positivity. The
participants had a median age of 47.85 years (range, 28—79 years) with a mean + SD of 47.85 + 10.41 years; MTD ranged
from 0.49 to 11.94 cm (mean + SD, 2.98 + 1.78 cm); SAD_ALN ranged from 0.15 to 4.39 ¢cm (mean £+ SD, 091 £
0.77 cm).

Statistically significant differences were observed between the ALNM-positive and ALNM-negative cohorts for age,
MTD, SAD_ALN, NLR, PLR, MLR, WLR, SII levels, as well as RadScore and DLScore (all P<0.05). Detailed
demographic and clinical characteristics are summarized in Table 1.

Table | Comparison of Baseline, Clinical and Pathological Characteristics of Patients in the
Training Cohort

Variable No Metastasis (N=112) | Metastasis (N=100) | Statistic | P value
Age (Year) 50.25 + 9.63 45.17 + 10.64 3.628 <0.0001
MTD (cm) 1.974 [1.496;2.684] 3.491 [2.560;4.477] —8.283 <0.0001
SAD_ALN (cm) 0.450 [0.346;0.589] 1.076 [0.656;1.880] —9.364 <0.0001
PR 0.245 0.621
Negative 28 (25.00%) 28 (28.00%)
Positive 84 (75.00%) 72 (72.00%)
ER 0.039 0.843
Negative 30 (26.79%) 28 (28.00%)
Positive 82 (73.21%) 72 (72.00%)
HER2+ 0.603 0.437
Negative 67 (59.82%) 65 (65.00%)
Positive 45 (40.18%) 35 (35.00%)
Ki-67 0.948 0.330
Negative 20 (17.86%) 13 (13.00%)
Positive 92 (82.14%) 87 (87.00%)

(Continued)
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Table | (Continued).

Variable No Metastasis (N=112) | Metastasis (N=100) | Statistic | P value
Molecular subtype - 0.936

- HER2+ 3 (2.68%) 2 (2.00%)

- Luminal A 10 (8.93%) 7 (7.00%)

- Luminal B 94 (83.93%) 87 (87.00%)

- TNBC 5 (4.46%) 4 (4.00%)

NLR 1.63 [1.06;2.19] 2.27 [1.58;3.22] -5.292 <0.0001
PLR 123.31 [103.61;154.00] 145.82 [121.75;196.39] | —3.874 <0.0001
MLR 0.17 [0.12;0.25] 0.24 [0.15;0.32] —3.558 <0.0001
WLR 2.95 [2.38;3.43] 3.66 [2.83;4.62] -5.279 <0.0001
N 392.50 [256.50;559.50] 600.50 [413.00;761.00] | —5.813 <0.0001
RadScore —1.14 [-2.44;-0.11] 1.01 [0.16;2.09] —9.326 <0.0001
DLScore —0.96 [1.66;-0.17] 0.73 [-0.17;1.35] —8.949 <0.0001

Notes: Continuous data are presented as mean * standard deviation or median [interquartile range], and categorical
data are presented as n (%). Comparisons between groups were performed using the independent - samples t - test,
Mann—-Whitney U-test, or chi - square test as appropriate.

Abbreviations: ALNM, axillary lymph node metastasis; MTD, maximum tumor diameter; SAD_ALN, short - axis
diameter of axillary lymph nodes; TNBC, Triple-negative breast cancer; Sll, systemic immune - inflammation index;
NLR, neutrophil - to - lymphocyte ratio; PLR, platelet - to - lymphocyte ratio; MLR, monocyte - to - lymphocyte ratio;
WLR, white blood cell - to - lymphocyte ratio; RadScore, radiomic score; DLScore, deep learning score.

Results of Univariate Logistic Regression Analysis

Univariate logistic regression analysis demonstrated that all 10 variables (age, MTD, SAD_ ALN, NLR, PLR, MLR,
WLR, SII, RadScore, DLScore) were significantly associated with ALNM in the training cohort (all P<0.01), and were
therefore designated as potential predictive factors for ALNM (Table 2).

Among these variables, MLR had the highest odds ratio (OR) of 73.98 (95% CI: 7.09-944.18, P=0.001), indicative of
the strongest association with ALNM positivity, while the wide 95% CI denoted relatively poor stability of this estimate.
The OR values of DLScore [3.75 (95% CI: 2.66-5.54, P<0.001)], RadScore [2.92 (95% CI: 2.20-4.06, P<0.001)] and
NLR [2.59 (95% CI: 1.84-3.79, P<0.001)] were all greater than 2.5, indicating a moderate-to-strong association with
ALNM. Age was identified as a protective factor for ALNM (OR=0.95, 95% CI: 0.92-0.98, P=0.001), indicating that
each 1-year increase in age was associated with a 5% reduction in the risk of developing ALNM. MTD, SAD ALN,
PLR, WLR and SII were all independent risk factors for ALNM, with corresponding OR values of 1.12, 1.57, 1.01, 2.50,
and 1.00 (all P<0.001).

Table 2 Univariate Logistic Regression
Analysis for Predicting Axillary Lymph
Node Metastasis (ALNM)

Variable OR (95% CI) P.value
Age 0.95 (0.92-0.98) 0.001
MTD 1.12 (1.09-1.16) <0.001
SAD_ALN | 1.57 (1.38-1.83) <0.001
NLR 2.59 (1.84-3.79) <0.001
PLR 1.0l (1.01-1.02) <0.001
MLR 73.98 (7.09-944.18) | 0.001
WLR 2.50 (1.81-3.58) <0.001
NI 1.00 (1.00-1.01) <0.001
RadScore | 2.92 (2.20—4.06) <0.001
DLScore 3.75 (2.66-5.54) <0.001
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Feature Selection and Dimensionality Reduction

Subsequent feature selection was conducted on the candidate variables identified in the training cohort. The Light
Gradient Boosting Machine (LightGBM) algorithm was used to quantify and rank variable importance as an interpretable
feature-contribution analysis.'® Variables were sequentially added in ascending order of importance, and the mean AUC
and 95% CI were derived via stratified 10-fold cross-validation.

The feature combination yielding the highest mean AUC was designated as the optimal feature set, comprising
RadScore, SAD ALN, DLScore, MTD, SII, and age (Figure 4). RadScore and SAD ALN ranked as the two most
important variables, followed by DLScore and MTD, suggesting that imaging-derived tumor and nodal phenotypes
contributed most strongly to model performance, with SII and age providing complementary systemic and clinical
information.

Construction of Predictive Models
Based on the above-identified optimal features and in consideration of clinical applicability, a total of 10 predictive

models were developed as follows: (1) Clinical model included only clinical features with P<0.05 on univariate logistic
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Figure 4 Feature selection results based on variable importance. (A) shows LightGBM variable-importance ranking; (B) shows cross-validation AUC of incrementally added
feature subsets.
Abbreviations: AUC, area under the receiver operating characteristic curve; LightGBM, Light Gradient Boosting Machine.
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regression analysis (age, MTD, SAD_ALN); (1) Immune model (SII) included only the systemic immune-inflammation
index (SII, the most predictive inflammatory biomarker); (3) Radiomic model (Rad) included only RadScore; (4) Deep
learning model (DL) included only DLScore; (5) Clinical + SII model comprised clinical features + SII; (6) Clinical +
Radiomic model included clinical features + RadScore; (7) Clinical + Deep learning model comprised clinical features +
DLScore; (8) Radiomic + SII model included RadScore + SII; (9) Deep learning + SII model included DLScore + SII;
(10) Integrated model comprised clinical features + SII + RadScore + DLScore.

Multiple Model Performance

Based on the selected optimal features, the 10 developed predictive models were trained and their performance was
assessed. Detailed performance metrics for each model in the training and external validation cohorts are summarized in
Table 3, and model performance was visualized via ROC curves (Figure 5A: training cohort; Figure 5B: external
validation cohort).

In the training cohort, all models achieved AUC values ranging from 0.731 to 0.972, indicative of overall favorable
predictive performance. The Integrated model exhibited superior performance, with an AUC of 0.972 (95% CI: 0.952—
0.993), and was characterized by excellent discriminatory and calibration performance. At the optimal cutoff value of
0.648, the model yielded a sensitivity of 0.900, specificity of 0.982, accuracy of 0.943, and F1-score of 0.938, with
a Brier score of 0.054 (the lowest across all models)—denoting the strongest agreement between predicted probabilities
and actual clinical outcomes. This was closely followed by the Clinical + Radiomic (AUC: 0.960, 95% CI: 0.933-0.987)
and Clinical + Deep learning (AUC: 0.946, 95% CI: 0.915-0.977) models; all their discriminatory metrics (sensitivity:
0.870-0.930; specificity: 0.884—0.929; accuracy: 0.901-0.906) were consistently high. Among single-modality models,
the Radiomic and Deep learning models outperformed the Immune model (SII), which had the lowest AUC of 0.731
(95% CI: 0.665-0.798)—the poorest-performing model in the training cohort.

In the external validation cohort, model performance followed a consistent trend with the training cohort; the
Integrated model still achieved superior performance (AUC=0.942, 95% CI: 0.898-0.987), representing only a modest
reduction from the training cohort value, which demonstrates robust generalizability of the model. The model maintained
stable discriminatory performance, with a sensitivity of 0.912, specificity of 0.891, accuracy of 0.901, and Brier score of

Table 3 Performance Evaluation Results of Different Predictive Models in the Training and External Validation Cohorts

Model Dataset AUC (95% CI) Cutoff | Sensitivity | Specificity | Accuracy | Fl Brier
Integrated Model Train dataset 0.972 (0.952, 0.993) | 0.648 0.900 0.982 0.943 0.938 | 0.054
Clinical+Rad Model | Train dataset 0.960 (0.933, 0.987) | 0.341 0.930 0.884 0.906 0.903 | 0.071
Clinical+DL Model | Train dataset 0.946 (0.915, 0.977) | 0.479 0.870 0.929 0.901 0.892 | 0.082
Clinical+SIl Model Train dataset 0.917 (0.878, 0.956) | 0.588 0.780 0.938 0.863 0.843 | 0.109
Clinical Model Train dataset 0.903 (0.862, 0.944) | 0.499 0.810 0.866 0.840 0.827 | 0.122
Rad+SIl Model Train dataset 0.891 (0.847, 0.934) | 0.368 0.890 0.732 0.807 0.813 | 0.132
DLScore+SIl Model | Train dataset 0.890 (0.847, 0.934) | 0.450 0.840 0.830 0.835 0.828 | 0.134
Rad Model Train dataset 0.871 (0.824, 0.918) | 0.474 0.860 0.768 0.8I1 0811 | 0.145
DL Model Train dataset 0.856 (0.807, 0.906) | 0.349 0.860 0.688 0.769 0.778 | 0.156
Immune Model-SIl | Train dataset 0.731 (0.665, 0.798) | 0.517 0.610 0.759 0.689 0.649 | 0.209
Integrated Model Internal Validation Set | 0.942 (0.898, 0.987) | 0.58I 0912 0.891 0.901 0.897 | 0.093
Clinical+Rad Model | Internal Validation Set | 0.928 (0.880, 0.977) | 0.541 0.895 0.906 0.901 0.895 | 0.102
Clinical+DL Model | Internal Validation Set | 0.912 (0.861, 0.963) | 0.547 0.860 0.859 0.860 0.852 | 0.117
Clinical+SIl Model Internal Validation Set | 0.883 (0.823, 0.943) | 0.500 0.807 0.844 0.826 0.814 | 0.139
Clinical Model Internal Validation Set | 0.882 (0.821, 0.942) | 0.441 0.842 0.797 0.818 0.814 | 0.140
Rad+SIl Model Internal Validation Set | 0.843 (0.768, 0.917) | 0.589 0.754 0.844 0.802 0.782 | 0.161
Rad Model Internal Validation Set | 0.817 (0.733, 0.900) | 0.567 0.789 0.812 0.802 0.789 | 0.176
DLScore+SIl Model | Internal Validation Set | 0.801 (0.722, 0.880) | 0.357 0.789 0.750 0.769 0.763 | 0.190
DL Model Internal Validation Set | 0.788 (0.706, 0.870) | 0.463 0.684 0.828 0.760 0.729 | 0.190
Immune Model-SlI Internal Validation Set | 0.632 (0.533, 0.731) | 0.282 1.000 0.266 0.612 0.708 | 0.238
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Figure 5 ROC curve comparison of |0 predictive models in the training cohort (A) and external validation cohort (B).
Abbreviations: ROC, receiver operating characteristic; AUC, area under the curve.

0.093—exhibiting superior calibration performance relative to all other models. The Clinical + Radiomic (AUC: 0.928,
95% CI: 0.880-0.977) and Clinical + Deep learning (AUC: 0.912, 95% CI: 0.861-0.963) models followed closely, with
performance nearly comparable to that of the Integrated model. Notably, the Immune model (SII) exhibited further
performance deterioration in the external validation cohort (AUC: 0.632, 95% CI: 0.533-0.731); while the model
achieved a perfect sensitivity of 1.000, its specificity was only 0.266—indicating a marked overprediction bias and
limited clinical utility.

Collectively, the Integrated model showed the highest AUC and balanced sensitivity, specificity, and accuracy in both
cohorts, with good calibration and the lowest Brier score. Because the AUC was high relative to the sample size, these
results should be interpreted in the context of the independent external validation cohort and the overfitting-control
procedures described above.
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Calibration Curves of 10 Models
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Figure 6 Calibration curves of the integrated model in the training cohort (A) and external validation cohort (B). The abscissa represents the model-predicted ALNM
probability, the ordinate represents the observed ALNM positive rate. Points represent the group-level average predictions, colored curves represent calibration curves, and
the diagonal dashed line represents ideal calibration.

Abbreviation: ALNM, axillary lymph node metastasis.

Model Fitting and Clinical Utility Evaluation

Calibration Curve Analysis

Calibration curve analysis demonstrated that the predicted probabilities of the Integrated model were highly consistent
with the actual rates of ALNM positivity in both the training and external validation cohorts, with the fitted curve closely
aligned to the ideal 45° calibration line (Figure 6). Hosmer-Lemeshow test results yielded a P-value of 0.386 in the
training cohort and 0.412 in the external validation cohort (both P>0.05), confirming robust calibration of the model.

Decision Curve Analysis
DCA demonstrated that in both the internal and external validation cohorts, the combined models (Integrated and Clinical
+ Radiomic) yielded significantly higher net clinical benefits than the standalone Clinical and Clinical + Deep learning
models across a critical decision threshold range of 0.1-0.5 (Figure 7). At the clinically relevant threshold of 0.3, the net
clinical benefits of the Integrated and Clinical + Radiomic models were comparable (internal validation cohort: 0.405 vs
0.406; external validation cohort: 0.381 vs 0.366), and both were significantly higher than that of the standalone Clinical
model (internal validation cohort: 0.357; external validation cohort: 0.329).

The Integrated model exhibited the most stable net clinical benefit across the two cohorts, with the smallest reduction
magnitude. This indicates that the combined models—particularly the Integrated model—can effectively balance the
risks of missed diagnosis and overtreatment, and thus exhibit reliable clinical utility across diverse clinical decision-

making scenarios.

Discussion

Accurate assessment of axillary lymph node metastasis (ALNM) status is a cornerstone of personalized treatment
decision-making for patients with breast cancer. Using a dual-center retrospective cohort design, the present study
systematically developed and validated 10 predictive models for stratifying ALNM risk in breast cancer patients. Study
results demonstrated that the Integrated model—incorporating clinical features, SII, and DCE-MRI-derived multimodal
features (RadScore and DLScore)—was significantly superior to single-modality and dual-factor combined models in
terms of predictive performance, generalizability, and net clinical benefit, while also exhibiting excellent calibration and
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Figure 7 Decision curve analysis of 10 predictive models. (A) shows the training cohort, and (B) shows the external validation cohort. The abscissa represents the
threshold probability, and the ordinate represents the clinical net benefit. Colored curves represent predictive models, the black dashed line represents the treat-all strategy,
and the gray dashed line represents the treat-none strategy.

clinical utility. This model thus represents a novel, effective non-invasive tool for preoperative ALNM risk prediction,
and provides robust empirical evidence for the clinical application of multi-dimensional data integration strategies in
breast cancer diagnosis and management.

First, univariate logistic regression analysis was conducted to identify potential predictive factors for ALNM. Study
results identified 10 variables—including age, MTD, SAD ALN, NLR, PLR, MLR, WLR, SII, RadScore, and DLScore
—that were significantly associated with ALNM (all P<0.05). These findings indicate that these variables may serve as
robust predictive factors for ALNM, providing a valuable foundation for the subsequent simplification of clinical
predictive models.'”?' During the feature selection phase, the optimal feature combination—comprising RadScore,
SAD_ALN, DLScore, MTD, SII, and age—yielded the highest mean AUC in cross-validation, which further validates
the critical importance of multi-dimensional feature complementarity in predictive model development.

Notably, both RadScore and DLScore are DCE-MRI-derived features: RadScore captures tumor morphological
heterogeneity, angiogenic activity, and local invasive potential via high-throughput quantitative texture feature extraction,
while DLScore achieves this through the autonomous recognition of complex imaging patterns via deep learning
algorithms. This multi-modal imaging approach effectively mitigates the subjective limitations inherent to traditional
visual image interpretation.”>**** As a key morphological index for routine clinical assessment of axillary lymph nodes,
SAD_ALN directly reflects structural alterations in lymph nodes and serves as a simple surrogate marker for ALNM.
While a short-axis diameter >1 cm is the clinically accepted threshold for malignant lymph node metastasis, its limited
sensitivity and specificity predispose to risks of missed diagnosis and misdiagnosis—further underscoring the necessity
of multi-parameter integration in ALNM risk assessment.”*?* In contrast, MTD is strongly correlated with tumor burden
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and invasive potential: a larger tumor size is associated with an increased risk of basement membrane invasion and
subsequent lymphatic metastasis.*®*’

Age emerged as a protective factor in the present study (OR=0.95), indicating that younger patients with breast cancer
face an elevated risk of ALNM. This finding is consistent with existing clinical evidence that younger breast cancer
patients typically exhibit more aggressive biological behavior, including higher pathological grade and increased
invasiveness.”®*° Furthermore, SIl—a comprehensive inflammatory biomarker that integrates peripheral blood neutro-
phil, lymphocyte, and platelet counts—reflects the systemic immune-inflammatory microenvironment. Elevated SII
levels indicate a pro-inflammatory microenvironment predominance and concomitant suppression of anti-tumor immune

function. Notably, chronic inflammation is a well-documented key driver of tumor metastasis,'*'-*°

which supports the
inclusion of SII in ALNM risk prediction models.

The main finding of this study is that multimodal integration improved ALNM prediction beyond any single
information source. The Integrated model achieved AUCs of 0.972 and 0.942 in the training and external validation
cohorts, respectively, with favorable calibration and clinical net benefit. This performance likely reflects the comple-
mentary value of macroscopic clinical assessment, systemic immune-inflammatory status, and quantitative DCE-MRI
phenotypes. However, the high AUC should be interpreted cautiously because the sample size was modest; the external
validation cohort supports generalizability but does not replace prospective validation.

In contrast, standalone clinical models are limited by subjective judgment and the crudeness of indicators, while
single SII models fail to reflect local tumor invasive characteristics. Models relying solely on radiomics or deep learning
overlook the influence of systemic immune-inflammatory background and patients’ baseline characteristics.>?*3!3?
Existing studies have also indicated that methods based solely on radiomics or deep learning have inherent limitations in
ALNM prediction, and there is an urgent need to integrate clinical and systems biology information to optimize
performance.>** The integrated model in this study makes up for the above deficiencies by fusing multi-source
information, and its excellent performance verifies the feasibility and superiority of the multi-dimensional integration
strategy.

Additionally, the incidence of ALNM was highly consistent between the training (47.17%) and external validation
(47.11%) cohorts. Moreover, the validation cohort was derived from medical institutions of different levels across distinct
geographic regions, which further validates the robustness and cross-center applicability of the model, laying a solid
foundation for its clinical translation. During the construction of RadScore and DLScore, the reliability of imaging
feature extraction was ensured by an ICC > 0.75. Furthermore, LASSO regression and mRMR algorithms were employed
for feature dimensionality reduction, which effectively avoided multicollinearity issues and improved the stability and
interpretability of the model.****> This workflow strictly adheres to standardized radiomics research protocols, which
helps reduce biases caused by equipment differences or operational heterogeneity and enhances the translational value of
the model in real-world clinical settings.**

Research Innovations and Advantages

Compared with existing similar studies, the main advantages of this study are as follows: Firstly, this study involved the
establishment of a “clinical-inflammation-multimodal imaging” tripartite integrated framework. This study integrated
clinical features, SII, and DCE-MRI-derived RadScore and DLScore within a single framework, enabling joint modeling

»° This multi-dimensional

from “patient baseline - systemic immune-inflammatory status - local imaging phenotype
information fusion significantly improves the accuracy of ALNM prediction and fully captures the biological character-
istics of ALNM.

Second advantage is the adoption of a dual-center external validation design to ensure model generalization. The
cohort design across different geographic regions and medical institutions effectively avoids single-center selection bias
and validates the cross-center applicability of the model, making the research results more reliable and clinically
promotable.

Thirdly, the systematic comparison of ten models improves clinical interpretability and flexibility. Institutions with
limited imaging post-processing resources may use simpler clinical or clinical-plus-SII models for preliminary risk
screening, whereas tertiary centers with radiomics/DL infrastructure may apply the integrated model for more precise
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preoperative assessment. In practice, the model could be embedded into a radiology workflow after DCE-MRI acquisi-
tion, with automated preprocessing, feature extraction, and risk reporting to support decisions regarding sentinel lymph
node biopsy, axillary ultrasound-guided biopsy, and individualized surgical planning. Implementation will require
standardized imaging protocols, software integration, cost evaluation, and prospective assessment of decision thresholds.

Study Limitations

Despite these strengths, this study has several limitations. First, the retrospective study design may introduce selection
bias, and the 2016-2025 study period may introduce heterogeneity from changes in imaging practice, pathology
workflow, and clinical guidelines. Standardized preprocessing and external validation partially reduce this concern but
cannot eliminate it.

Second, the sample size of the training (n=212) and validation (n=121) cohorts were limited, resulting in wide 95%
CI for some estimates, especially inflammatory markers such as MLR. Although the final model met the conventional
events-per-variable requirement and was externally validated, larger prospective datasets are needed to confirm stability
and generalizability.

Third, there remains room for optimization in imaging and model design. Semi-automatic ROI delineation may
introduce observer variability. The DL component used ResNet50 only and was not compared with other classic models
eg., VGG16 and ResNetl01). Future work should compare multiple backbones, develop automatic tumor, and lymph
node segmentation, and apply harmonization or domain-adaptation methods across scanners.

Fourth, potential confounding factors were not fully incorporated. Molecular subtypes was compared at baseline
but did not enter the final model, and lymphovascular invasion was excluded because it is a postoperative
pathological variable and was incompletely available. Model interpretability was partly addressed by feature-
importance analysis, but SHAP or other explanation methods were not performed. Future studies should include
more complete clinicopathological covariates and formal interpretability analyses to clarify the biological contribu-
tion of each feature.

Future Research Directions

To address the limitations of this study, future research will be conducted in three aspects: methodological optimization,
mechanistic exploration, and clinical translation. First perspective is to conduct prospective, multi-center large-sample
studies by expanding the sample size, including populations with different tumor stages, pathological subtypes and
molecular types, and performing prospective validation to evaluate the long-term predictive efficacy and clinical benefits
of the model.

Secondly, the imaging processing and modeling workflows could be optimized by exploring automatic ROI segmen-
tation algorithms to eliminate subjective biases in manual delineation, comparing the performance of different deep
learning architectures to select the optimal model, and developing cross-device domain adaptation and stricter feature
standardization strategies to enhance the real-world applicability of the model across different MRI scanners and
institutions.

Third perspective is to develop personalized predictive models and explore molecular mechanisms by constructing
subtype-specific ALNM predictive models for different breast cancer molecular subtypes (Luminal A, Luminal B, HER2-
positive, triple-negative) to improve the prediction accuracy for specific populations and combining multi-omics data
(genomics, transcriptomics, proteomics) to investigate the molecular mechanisms underlying ALNM and clarify the
biological significance of key features in the model. Additionally, we shall develop lightweight clinical tools (web-based
versions/APPs) for the integrated model, conduct clinical controlled trials to confirm their application value, and extend
the model to predict lymph node metastasis in other solid tumors.

Conclusion

In conclusion, this study developed and externally validated an integrated model combining clinical features, SII, and
DCE-MRI-derived radiomics and DL features for preoperative ALNM prediction in breast cancer. The model showed
strong discrimination, good calibration, and stable clinical net benefit in a two-center retrospective cohort, suggesting
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value as a non-invasive adjunct for preoperative axillary risk stratification. Its use should be considered within clearly
defined clinical thresholds and patient populations, and prospective multicenter validation, interpretability assessment,
and workflow/cost evaluation are required before routine clinical implementation.
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