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Purpose: To develop a deep learning radiomics (DLR) model based on longitudinal multiparametric breast MRI to predict axillary
lymph node (ALN) response following neoadjuvant therapy (NAT) in breast cancer patients.

Patients and Methods: This single-center retrospective study included 254 breast cancer patients who underwent NAT followed by surgery
from January 2017 to October 2023. Pre- and post-NAT multiparametric MRI scans were analyzed to extract radiomics and deep learning
features. The dataset was randomly divided into a training cohort (n = 144) and a validation cohort (n = 110). Feature selection was performed
using the Mann—Whitney U-test, Spearman correlation analysis, and least absolute shrinkage and selection operator regression. Eight machine
learning algorithms were compared, with logistic regression selected as the final classifier. Four models were constructed: clinical, radiomics,
deep learning, and the DLR model. Performance was evaluated using ROC analysis, calibration curves, and decision curve analysis.
Results: Estrogen receptor status, HER2 status, and clinical T stage were independent predictors of axillary pathological complete
response (apCR). The DLR model achieved the highest predictive performance, with AUCs of 0.939 (95% CI: 0.905-0.974) in the
training set and 0.856 (95% CI: 0.774-0.938) in the validation set. DeLong tests showed that the DLR model outperformed only the
clinical model (p < 0.0001). A bootstrap analysis (2000 iterations) further showed that the AUC difference between the training and
validation cohorts was statistically significant (difference = 0.083; 95% CI: 0.0019-0.1786; p = 0.043).

Conclusion: This study is among the first to integrate longitudinal multiparametric MRI with deep learning—based radiomics for
predicting ALN response after NAT. The proposed DLR model may provide a noninvasive aid to individualized axillary decision-
making, pending external validation.
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Introduction

Breast cancer is the most commonly diagnosed malignancy among women worldwide, and axillary lymph node (ALN) status
remains a key determinant of treatment planning and prognosis.'* Approximately 30-40% of newly diagnosed patients
present with nodal metastasis, and neoadjuvant therapy (NAT) induces axillary pathological complete response (apCR) in
a substantial proportion.®* Accurate assessment of ALN status after NAT is therefore essential for guiding surgical decision-
making. Although ALND and SLNB remain the standard methods for determining apCR, both procedures are invasive and
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associated with risks such as lymphedema, pain, and false-negative results,”® underscoring the need for reliable noninvasive
tools to evaluate nodal response.

Magnetic resonance imaging (MRI) plays an important role in assessing treatment response due to its multiparametric
capability and superior soft-tissue contrast. However, its performance in evaluating ALN status is limited by anatomical
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constraints and artifacts.”'® Radiomics has emerged as a promising approach to quantify intratumoral heterogeneity,
MRI-based radiomic models have shown potential for predicting apCR."*"'® Nonetheless, conventional radiomics depends on
handcrafted features and manual annotation, which may not fully capture complex imaging patterns and are susceptible to inter-
observer variability.

Deep learning (DL) enables automated feature extraction and has demonstrated improved performance in
response prediction.'”? Yet, most existing DL or hybrid models analyze a single time point and rely mainly on
a single MRI sequence, thereby overlooking the complementary and dynamic information provided by multipara-
metric and longitudinal imaging. Moreover, limited integration of clinical variables further restricts predictive
accuracy.

Combining longitudinal and multiparametric MRI may better characterize treatment-induced morphological and
microstructural changes, and delta-derived features may more directly reflect therapeutic effects. However, most existing
Al-based studies analyze a single time point, use a single MRI sequence, or incorporate only one type of feature
(radiomics or DL), limiting their ability to capture the multidimensional and dynamic nature of tumor response.

To address the limitations of previous approaches, we developed a DLR model that integrates radiomic features, DL
features, and clinical predictors from pre- and post-NAT MRI within a unified framework. We also systematically compared
multiple machine-learning classifiers to determine the optimal modeling strategy. We hypothesized that this longitudinal,
multiparametric approach would improve the accuracy of predicting ALN response after NAT. Clinically, such a model could
help identify patients with a high likelihood of apCR who may be candidates for axillary de-escalation—such as omitting
ALND or modifying the extent of axillary surgery—while ensuring oncologic safety. This framework provides the basis for

evaluating the model’s potential role in individualized axillary management.

Materials and Methods

Study Population
This single-center retrospective study was approved by the institutional Ethics Committee (Approval No. 2022—-124) and
was conducted in accordance with the Declaration of Helsinki. Informed consent was waived. Consecutive patients with
invasive breast cancer who received NAT followed by surgery between January 2017 and October 2023 were screened.
Inclusion criteria were: (i) ipsilateral ALN metastasis confirmed pathologically before NAT; (ii) completion of NAT and
surgery; (iii) available clinical data; and (iv) pre- and post-NAT breast MRI. Exclusion criteria included prior oncologic
treatment, bilateral breast cancer, poor-quality MRI, and distant metastasis during NAT (Figure 1).

Patients were randomly assigned to training and validation sets using stratified sampling (seed = 18). Cases with
missing clinical variables were excluded according to predefined criteria to create a complete-case dataset.

Histopathological Examination

Baseline clinical data and pathological biomarkers were collected from medical records and evaluated by standard
immunohistochemical methods.?*?* Detailed criteria for biomarker interpretation and subtype classification were
provided in the Supplementary Material S1.

All patients received 6 or 8 cycles of NAT, with treatment regimens based on either taxane alone or a combination of
taxane and anthracycline. Patients with HER2 positive tumors received additional anti-HER?2 targeted therapy. Following
systemic NAT, patients underwent either breast-conserving surgery or mastectomy. ALN pathological complete response
(apCR) was defined as the absence of residual tumor cells in postoperative nodal specimens.
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Consecutive patients with invasive breast cancer who
received NAT followed by surgery between January
2017 and October 2023 (n=290)

The exclusion criteria:

(i)previous history of therapy (n=14)

» (ii)Bilateral BC (n=5)

(iii)Poor MRI quality (n=9)

(iv)distant metastasis during NAT (n=8)
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Figure | Flowchart illustrating the patient enroliment process for the study.

MRI examination

All patients underwent breast MRI within 2 weeks before NAT initiation and within 2 weeks after NAT completion using
3.0T scanners (GE Healthcare). Multiparametric MRI included DCE-MRI, T2WI, and DWI sequences. Detailed para-
meters are provided in Supplementary Material S2.

Data Analysis and Model Development
This section outlines the workflow for tumor segmentation, feature extraction and selection, model development, and

evaluation analysis as summarized in Figure 2

Tumor Segmentation and Reproducibility

Tumor ROIs on pre- and post-NAT DCE-MRI, T2WI, and DWI were independently delineated by two radiologists using
ITK-SNAP (v4.2.0). Discrepancies were resolved by a senior radiologist. Inter-observer agreement was assessed using
ICC, and radiomic features with ICC > 0.80 were included for analysis (Supplementary Material S3).

Feature Extraction
Radiomic features were extracted using Pyradiomics v3.1.0. All images were resampled to 1x1x1 mm, normalized, and
discretized using a fixed bin width of 25. Wavelet and Laplacian of Gaussian filters were applied. A total of 1,197
features across seven classes were extracted per ROI, and delta features (post—pre) were computed, yielding 10,773
features per patient.

A ResNet-50 pretrained on ImageNet was used solely as a fixed feature extractor. The largest tumor-containing axial
slices from DCE-MRI, DWI, and T2WI were mapped to RGB channels and resized to 224x224 pixels. The 2048-
dimensional global average pooling output constituted the DL feature vector. Pre-, post-, and delta-DL features were
concatenated and reduced to 128 principal components using PCA (>95% cumulative variance). A sensitivity analysis
using averaged features from three adjacent slices (index +1) was also performed Supplementary Material S4.
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Figure 2 Study workflow. (a) Image acquisition and Tumor segmentation; (b) Feature extraction; (c) Feature selection; (d) Model development and Performance evaluation.
Abbreviations: NAT, neoadjuvant therapy; DL, deep learning; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteristic; DCA,
decision curve analysis; apCR, axillary pathological complete response; DLR, deep learning radiomics.

Feature Selection

Feature selection was performed exclusively in the training cohort to prevent data leakage. Highly correlated features (|p| > 0.80)
were removed using Spearman correlation. Remaining features were screened using the Mann—Whitney U-test (p < 0.05),
standardized using z-scores, and further reduced using LASSO with 10-fold cross-validation. Features with non-zero coefficients
were retained.

Selection of Clinical Variables

In the training cohort, univariate and multivariate logistic regression analyses were conducted to identify independent
predictors among the following clinical variables: age, menopausal status, estrogen receptor (ER) status, progesterone
receptor (PR) status, HER2 status, Ki-67 expression, molecular subtype, and clinical T stage. A backward stepwise
selection strategy based on the minimum Akaike Information Criterion was applied to select the most informative
variables during multivariate analysis. Variables with a p < 0.05 in the final multivariate model were considered
statistically significant and incorporated into the clinical prediction model to estimate the probability of achieving
apCR after NAT.

Model Development

Three single-modality models (clinical, radiomics, DL) and an integrated DLR model were developed. Eight machine-
learning classifiers (logistic regression, naive Bayes, SVM, KNN, LightGBM, gradient boosting, AdaBoost, multilayer
perceptron) were evaluated, and the best classifier for each model was selected based on validation performance.
Overfitting was mitigated using 5-fold cross-validation, PCA, data augmentation, L2 regularization, and early stopping.

Performance Evaluation
Discrimination was assessed using ROC curves, AUCs with 95% Cls, and classification metrics. Model comparisons
were performed using DeLong’s test. Clinical utility was evaluated using decision curve analysis. Calibration was
assessed using calibration plots, slope, and intercept, and a decile-based calibration table.

Internal bootstrap validation (1000 iterations) was used to calculate optimism-corrected AUCs, and model complexity
was evaluated using events-per-variable (EPV).
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Statistical Analysis

Analyses were conducted using SPSS v26.0 and Python v3.11.7. Continuous variables were compared using #-test or
Mann—Whitney U-test, and categorical variables using chi-square or Fisher’s exact test. Optimal cutoff values were
determined using Youden’s index in the training cohort. A nonparametric bootstrap test (2000 iterations) assessed the
statistical significance of AUC differences between the independent training and validation cohorts. Because the apCR
rate in our cohort (56.7%) did not indicate substantial class imbalance, no resampling, class weighting, or additional
threshold adjustment beyond the Youden-derived cutoff was applied during model training. A two-sided p < 0.05 was
considered statistically significant.

Results

Baseline Characteristics of Patients
Among the 254 patients included, 144 (56.7%) achieved apCR after NAT, comprising 96 (54.2%) in the training cohort
and 48 (62.3%) in the validation cohort. The highest apCR rate was observed in HER2-positive patients (78.43%, 80/
102), whereas the HR+/HER2— subtype had the lowest rate (37.2%, 42/113). Significant differences between the apCR
and non-apCR groups were found in ER, PR, HER2 status, molecular subtype, and clinical T stage (all p < 0.05; Table 1).
Logistic regression analyses revealed HER2 positivity, ER negativity, and lower clinical T stage as key predictors of
apCR (Table 2). HER2-positive tumors were associated with higher odds of apCR (OR = 5.90), while ER positivity
reduced the likelihood (OR = 0.27). Compared with patients with T1 tumors, the odds of achieving apCR were
significantly reduced in those with T2 (OR = 0.191), T3 (OR = 0.112), and T4 (OR = 0.083).

Table | Clinicopathologic Characteristics of Patients

Characteristics Non-apCR (n = 110) | apCR (n = 144) | p value
Age (year) 47.08 £9.93 47.20 £9.94 0.924
Menopause status (%) 0.425
Non-menopausal 55 (50.00) 77 (53.47)

Post-menopausal 55 (50.00) 67 (46.53)

ER status (%) <0.001
Negative 23 (20.91) 64 (44.44)

Positive 87 (79.09) 80 (55.56)

PR status (%) 0.001
Negative 43 (39.09) 88 (61.11)

Positive 67 (60.91) 56 (38.89)

HER2 status (%) <0.001
Negative 88 (80.00) 64 (44.44)

Positive 22 (20.00) 80 (55.56)

K167 status (%) 0.324
Negative 22 (20.00) 22 (15.28)

Positive 88 (80.00) 122 (84.72)

Molecular subtype (%) <0.001
HR+/HER- 71 (64.55) 42 (29.16)

HER2+ 22 (20.00) 80 (55.56)

TNBC 17 (15.45) 22 (15.28)

Clinical T stage (%) 0.003
TI 12 (10.91) 42 (29.17)

T2 68 (61.82) 79 (54.86)

T3 8 (7.27) 7 (4.86)

T4 22 (20.0) 16 (11.11)

Note: Bold values indicate statistical significance (P < 0.05).

Abbreviations: apCR, axillary pathological complete response; ER, estrogen receptor; PR,
progesterone receptor; HER2, human epidermal growth factor receptor; TNBC, triple-negative
breast cancer.
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Table 2 Logistic Regression Analysis of Variables for Their Association with apCR in Patients

Characteristics Univariable Analysis Multivariable Analysis
Odds Ratio | 95% CI P value | Odds Ratio | 95% CI P value

Age (year) 0.989 0.960-1.019 0.460

Menopause status (%)

Non-menopausal Reference

Post-menopausal 0.786 0.434—1.421 0.425

ER status

Negative Reference Reference

Positive 0.269 0.135-0.535 | <0.001 0.269 0.122-0.593 | 0.001

PR status (%)

Negative Reference

Positive 0.470 0.258-0.859 | 0.014

HER?2 status (%)

Negative Reference Reference

Positive 6.201 3.132-12.276 | <0.001 5.895 2.742-12.674 | <0.001

K167 status (%)

Negative Reference

Positive 1.158 0.560-2.392 | 0.692

Molecular subtype (%)

HR+/HER- Reference

HER2+ 8.005 3.842-16.679 | <0.001

TNBC 2.576 1.038-6.397 | 0.041

Clinical T stage

Tl Reference Reference

T2 0.209 0.088-0.496 | <0.001 0.191 0.073-0.500 | 0.001

T3 0.148 0.034-0.650 | 0.011 0.112 0.020-0.629 | 0.013

T4 0.123 0.042-0.367 | <0.001 0.083 0.023-0.299 | <0.001

Note: Bold values indicate statistical significance (P < 0.05) in the multivariate model.
Abbreviations: apCR, axillary pathological complete response; ER, estrogen receptor; PR, progesterone receptor; HER2, human
epidermal growth factor receptor; TNBC, triple-negative breast cancer; OR, odds ratio; Cl, confidence interval.

Feature Extraction and Selection

A total of 1,197 radiomic features were extracted for each ROI and concatenated across timepoints, yielding 10,773
features per patient. After reproducibility filtering using the ICC (ICC > 0.80), removal of highly correlated features, and
Mann—Whitney U testing, 11 radiomic features entered into the LASSO regression,of which9 were finally retained. For
DL features, the 2048-dimensional outputs from ResNet-50 were reduced to 128 principal components using PCA, and
10 components were retained after LASSO. In addition, 3 clinical variables (HER2, ER, clinical T stage) were included
in the final model. The numbers of features retained at each selection step are summarized in Supplementary Material S5,

and the final set of radiomic, DL, and clinical features is provided in Supplementary Material S6. The Spearman

correlation matrix of the selected features is shown in Figure 3, and the final logistic regression formula of the DLR
model is provided in Supplementary Material S7.

Classifier Evaluation and Selection
To identify the most suitable machine learning algorithm for each model, § classifiers were systematically evaluated.

Their performance metrics in both the training and validation cohorts are summarized in Supplementary Material S8. LR

consistently demonstrated superior performance across all models. Specifically, for the DLR model, LR achieved the
highest AUC values in both cohorts: 0.939 in the training cohort and 0.856 in the validation cohort. Given its robust
performance and generalizability, LR was selected as the final classifier for all models to ensure stability and reprodu-
cibility in subsequent predictive analyses.

6 https: Breast Cancer: Targets and Therapy 2026:18


https://www.dovepress.com/article/supplementary_file/568337/568337%20Revised%20%20Supplementary%20Materials.docx
https://www.dovepress.com/article/supplementary_file/568337/568337%20Revised%20%20Supplementary%20Materials.docx
https://www.dovepress.com/article/supplementary_file/568337/568337%20Revised%20%20Supplementary%20Materials.docx
https://www.dovepress.com/article/supplementary_file/568337/568337%20Revised%20%20Supplementary%20Materials.docx

Li et al

HER2 -

DL_2_delta - 0.08

wavelet_HHH_firstorder_Skewness_T2WI_pre - 0.07 0.02 1.00
DL_69_post — 0.04 -0.06 0.04
wavelet_LLL_firstorder_Kurtosis_DCE_post — 0.06 -0.08 -0.1 -0.07 0.75
DL5pre - 001 004 -0.04 01 -0.02
DL 8 delta - 0.14 0.05 007 006 005 -0.09 _0.50
wavelet_LLL firstorder_TotalEnergy_ DWI_delta — 0.03 0.06 -0.04 0.02 0.06 0.08 0.01
wavelet_HLL_glcm_ClusterShade_DCE_delta — 0.05 -0.1 001 017 -0.0 004 -0.02 012 0.25
DL16 pre - 014 01 0.0 006 005 01 006 0.0 -0.0
DL_7_delta - 0.08 0.06 0.06 0.04 003 01 006 -0.07 -0.01 -0.0
-0.00
wavelet_HHL_glcm_ClusterShade_DCE_delta - -0.15 0.04 015 -0.03 -0.07 -0.13 0.01 -0.08 -0.11 -0.16 -0.04
LargeD: PIan::gy—LSigma}ﬁ-’“'{bz’%ggg - 019 006 005 003 -012 004 -0.01 004 -0.05 -0.01 009 -0.04
DL_16_post - -0.14 0.07 0.01 002 -0.07 -0.0 -0.06 -0.04 -0.07 002 005 011 -0.12 -—0.25
wavelet_LHH_firstorder_Skewness_DWI_post — 0.01 -0.01 0.0 -0.04 -0.03 -0.02 -0.03 006 -0.11 001 -0.08 -0.06 -0.01 -0.0
original_shape_Flatness DCE_post - -0.14 -0.14 -0.05 -0.02 0.7 -0.07 002 007 014 -0.13 -0.08 006 -0.29 0.07 -0.04 - —0.50
DL_100_post - 0.05 003 -0.11 002 007 -0.02 007 -0.09 -012 -0.04 -0.08 -0.02 -0.01 001 001 002
ER - 022 014 001 002 009 -012 015 -0.02 001 -01 -013 018 023 009 011 009 0.08 —~0.75
DL_119 pre - 0.0 -0.04 -0.04 001 005 -0.02 -0.01 009 -0.01 001 -0.02 006 -0.02 -0.07 00 005 -011 0.03
wavelet_LHL firstorder_Median_DWI_delta - -0.05 -0.14 0.07 0.09 0.8 -0.15 007 -0.27 007 005 -00 01 -0.09 008 -0.09 019 005 008 -0.06 1.00

-0.12

°
3
s
2
°
2
°
2
5

DL_5_delta - 0.02 0.04

°
°
&
°
2
S
3
&
°
=
°
(4
°
&
3
W
o
13
-
&
°
2
3
3
°
<

0.06 0.2

°
°
2
s
5
2

T_stage - -0.04 -0.01 -0.01 -0.09 0.12 -0.05 -0.07 0.28 -0.01 -0.06 002 0.12 -0.14 0.07 0.15 0.05 -0.06 0.07 -0.02 0.04 -0.1
1 ! 1 1 1 1 | 1 1 | 1 1 | 1 1 ! 1 1 1 1 1 !
o~ ] o % % o s s s o ] ] £E8 % 9 % % < © s s @
« =2 8 H3 = = = 8 =2 = = w & = 2 o
S 3 % 8 8§ % 3 3 3 g T g gz 8 & 8§ 8 5 3 s £
£ 3 s O T R A A - - T T B ) o 3 3 8
N %008 8 4 e 5 w7 o~ W oow & 2§ 8 =
q a ! 9 9 RGN 3 S \
= L] 4 o 2 = 1) a A =) (=Y ] 9, | o 2 a3
a o oa 4 3 ] \ a (= B - S a -
@ 2 > @ ) K @ @ 2 s
H g g 3 B & ¢ 2
H £ 2 = 2 o, H £ 3
9 <z w [ i m g T =
& 1 = g g | o= b 1
@ i ] 8 8 o ?, | o
] ) 5 7 @ g N g )
) B © 3 2 B o} g k<]
B S ) 5 % T £ g
2 |4 k-] £ £ o> S 2 2
2 =, S g g 5 4 s &
pal =1 o i S Q S B 3
z = & - = H T b= 5
S o 2 H 3 E )
) ] 4 3 ] G 3 8
B H e k] k] 4
] ] 3 T T ] H
] = [ ] 3 2 2
H s = H H
2
<
S
=
3

Figure 3 Spearman correlation coefficient matrix of the selected features for predicting apCR. Red indicates positive correlations, blue indicates negative correlations, and
the intensity of the color reflects the strength of the correlation.

Model Performance

In our study, the DLR model achieved the highest predictive performance in both the training and validation cohorts, and
the AUC value, accuracy, sensitivity and specificity were 0.939, 88.7%, 89.6%, and 87.7%, 0.856, 77.9%, 77.1%, and
79.3%, respectively. The operating threshold was derived from the training cohort using Youden’s index and is provided
in the Supplementary Material S9. It outperformed those of the clinical model and the intermediate models, with the
radiomics model yielding an AUC of 0.725 and the DL model an AUC of 0.777, and the results were showed in Table 3
and Figure 4a and b. The DLR model included 22 predictors, corresponding to an events-per-variable (EPV) of 6.5 (144

apCR events / 22 variables); potential overfitting was mitigated through LASSO penalization, cross-validation, and
bootstrap optimism correction.

Calibration analysis demonstrated good agreement between predicted and observed probabilities. In the validation
cohort, the calibration slope and intercept were 0.739 and 0.544, and the decile-based calibration table is provided in
Supplementary Material S10.1.

Decision curve analysis (Figure 5) further showed that the DLR model delivered consistently higher net benefit across
clinically relevant probability thresholds compared with all other models.

Internal bootstrap validation (1000 iterations) yielded an optimism-corrected AUC of 0.819, approximating the
validation AUC (0.856) and indicating acceptable generalizability.(Supplementary Material S10.2)
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Table 3 Predictive Performances of the Four Models

Models Cohort AUC Accuracy Sensitivity Specificity PPV NPV Fl
(95% CI) (%) (%) (%) (%) (%) Score
Clinical Training | 0.804 (0.742-0.867) 74.0 85.4 60.5 71.9 778 0.781
Validation | 0.6317 (0.508-0.755) 59.7 52.1 724 75.8 47.7 0.617
Radiomics | Training | 0.849 (0.790-0.908) 81.9 86.5 76.5 8l.4 82.7 0.838
Validation | 0.725° (0.611-0.839) 714 729 69.0 79.5 60.6 0.761
DL Training | 0.873 (0.822-0.923) 8l.4 95.8 64.2 76.0 929 0.848
Validation | 0.777° (0.668-0.887) 74.0 68.7 82.8 86.8 61.5 0.767
DLR Training | 0.939 (0.905-0.974) 88.7 89.6 87.7 89.6 87.7 0.896
Validation | 0.856 (0.774-0.938) 779 77.1 793 86.0 67.6 0813

Notes: Different models were used to predict apCR.a: P = 0.0001, DeLong test comparing clinical model with DLR model in the validation cohort;b: P = 0.0446, DeLong

test comparing radiomics model with DLR model in the validation cohort;c: P = 0.1165, DelLong test comparing DL model with DLR model in the validation cohort.

Abbreviations: AUC, area under the curve; Cl, confidence interval; PPV, positive predictive value; NPV, negative predictive value; DL, deep learning; DLR, deep

learning radiomics.

A bootstrap hypothesis test (2000 iterations) confirmed that the AUC difference between the independent training and
validation cohorts was statistically significant (difference = 0.083; 95% CI: 0.0019-0.1786; p = 0.043), reflecting

expected performance shrinkage when transitioning from model derivation to external evaluation.
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Figure 4 Receiver operating characteristic (ROC) curves of the different models in the training cohort (a) and the validation cohort (b). Shaded areas indicate the 95%
confidence intervals (Cls) of the ROC curves. Calibration curves for the training cohort (c) and the validation cohort (d) are also shown. In both calibration plots, curves
that are closer to the diagonal line (representing ideal calibration) indicate better agreement between predicted and observed probabilities.
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Figure 5 Decision curve analysis (DCA) for the Clinical model (a), Radiomics model (b), DL model (c), and DLR model (d) in the validation cohort.

Discussion
Accurate assessment of ALN response after NAT is essential for selecting the appropriate extent of axillary surgery in patients
with node-positive breast cancer®~* In our cohort, more than half of patients with initially positive ALNs achieved apCR but
still underwent ALND, underscoring the need for noninvasive tools to guide individualized axillary management. The DLR
model developed in this study showed strong discriminative performance in the validation cohort (AUC = 0.856), suggesting
that imaging-based prediction may help refine axillary decision-making. Such risk-adapted approaches align with the broader
movement toward treatment de-escalation in breast cancer, including reducing axillary surgery in good responders, tailoring
the extent of breast surgery, and exploring systemic therapy de-escalation, particularly in HER2-positive disease.*>*

The apCR rate in our cohort (56.7%) was higher than that reported in ACOSOG Z1071,* likely reflecting differences in
patient composition, including a larger proportion of HER2-positive tumors treated with contemporary targeted regimens.?’*
Consistent with prior studies, HER2 positivity markedly increased the likelihood of apCR, whereas ER positivity and higher

13,29,30 where

clinical T stage were negative predictors. These observations align with established biological mechanisms,
HER2-targeted therapy enhances cytotoxicity and nodal clearance, and ER-positive or larger tumors show attenuated
treatment responsiveness.’

Recent studies have attempted to model ALN response using direct nodal segmentation,'®* but this strategy faces
practical limitations. Metastatic nodes are often small or poorly visualized on breast MRI, easily affected by motion or
pulsation artifacts, and frequently multiple, making it difficult to match imaged nodes with those confirmed at surgery.*>>°
These factors reduce reproducibility and have led to inconsistent performance of nodal radiomics models. To ensure
robustness, we focused on primary-tumor features, which provide a reliable imaging target across time points. Treatment-
induced intratumoral changes can indirectly reflect nodal response, and prior studies have shown that primary-tumor imaging
may outperform lymph-node radiomics after NAT.

Temporal imaging changes captured by multiparametric MRI provide further insight into biological response. NAT
reduces cellularity, vascular permeability, and microvascular density, accompanied by extracellular-matrix remodeling.

These processes manifest as altered enhancement kinetics, reduced diffusion restriction, and shifts in T2 signal characteristics.
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Delta features quantify these dynamic alterations, likely explaining their added discriminative value compared with static pre-
or post-treatment imaging alone.

Relative to earlier radiomics studies—most of which relied on handcrafted features or a single time point'*>"**—

our
hybrid DLR model integrates radiomic features, DL-derived representations, and clinical predictors across longitudinal
multiparametric MRI. This multimodal approach yielded more stable performance than radiomics-only or DL-only models.

Several limitations should be acknowledged. First, this was a single-center retrospective study with a modest sample size.
The statistically significant difference between the training and validation AUCs suggests mild overfitting, which is
unavoidable when modeling high-dimensional data in limited cohorts. Although the optimism-corrected AUC approximated
the validation performance, external, multi-center validation remains essential. Second, only pre- and post-NAT MRI were
analyzed; future studies incorporating mid-treatment imaging or additional modalities such as functional MRI or PET-CT
may enhance predictive accuracy. Third, the standard breast MRI protocol used in this study provides limited axillary
coverage, restricting direct nodal assessment; dedicated axillary sequences may improve future model performance.

In clinical workflows, a model-derived probability of apCR could inform axillary surgery strategies. Patients with
a high predicted probability may be candidates for omitting ALND and proceeding directly to SLNB, provided that
safety thresholds are prospectively validated. Conversely, patients with low predicted probability may still require
standard ALND. Establishing acceptable thresholds and ensuring oncologic safety will require prospective, preferably
multi-center clinical trials. Integration into decision-support systems represents an important next step for translating this
DLR model into clinical practice.

Conclusion

In this study, we developed a DLR model integrating radiomic, deep learning, and clinical features from longitudinal
multiparametric MRI to predict apCR after NAT. By combining pre- and post-NAT imaging, the model captures dynamic
tumor changes and provides a promising noninvasive approach to support individualized axillary assessment and
treatment decision-making. Nevertheless, prospective and external validation studies are required before the model can
be considered for clinical implementation.
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