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Background: Sentinel lymph node metastasis (SLNM) status guides axillary staging and treatment planning in breast cancer, but
conventional imaging has limited preoperative predictive accuracy.

Methods: This retrospective study included 125 consecutive women with pathologically confirmed invasive breast cancer who underwent
preoperative multiparametric MRI and sentinel lymph node biopsy between January 2022 and December 2024. Candidate predictors were
assessed by univariate analysis and selected with least absolute shrinkage and selection operator regression using 5-fold cross-validation.
A multivariable logistic regression model was evaluated for discrimination, calibration, and clinical utility, with internal validation by 1000
bootstrap resamples.

Results: SLNM was present in 57 of 125 patients (45.6%). The final model retained ADC, T1 Map_post, T2* Map, and parity. The model
showed excellent discrimination (AUC, 0.960; 95% CI, 0.927-0.985), good calibration (Brier score, 0.082), and positive net clinical benefit
across threshold probabilities of approximately 10%-80%. Bootstrap validation yielded an optimism-corrected AUC of 0.956.
Conclusion: A multiparametric MRI-based model incorporating ADC, T1 Map post, T2* Map, and parity showed strong perfor-
mance for preoperative SLNM prediction and may support individualized surgical planning after external validation.

Keywords: breast cancer, sentinel lymph node metastasis, multiparametric MRI, prediction model, reproductive history

Introduction

Breast cancer remains the most common malignancy among women worldwide, with lymph node status serving as
a cornerstone of staging and treatment planning.' Sentinel lymph node biopsy (SLNB) has become the standard of care for
axillary staging in clinically node-negative breast cancer, offering a minimally invasive alternative to complete axillary lymph
node dissection.” However, the preoperative prediction of sentinel lymph node metastasis (SLNM) remains challenging, with
conventional imaging modalities demonstrating limited accuracy.’ Accurate preoperative identification of SLNM could
potentially guide surgical planning, inform decisions regarding neoadjuvant therapy, and improve patient counseling, yet
current clinical tools lack sufficient predictive power to reliably stratify patients preoperatively.*

Several previous studies have attempted to predict SLNM using clinical factors, conventional MRI features, or radiomics
approaches, with reported area under the curve (AUC) values ranging from 0.70 to 0.88.>° For instance, Baltzer et al developed
a model combining conventional MRI features with diffusion-weighted imaging, achieving an AUC of 0.82 in a cohort of 152
patients.” More recently, radiomics-based approaches have shown promise, with Liang et al reporting an AUC of 085 using
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features extracted from T2-weighted images and apparent diffusion coefficient (ADC) maps.® However, these studies have
primarily relied on conventional imaging parameters or extracted radiomics features, which may not fully capture the underlying
tumor biology. Moreover, most existing models have focused exclusively on imaging characteristics, overlooking potentially
informative clinical and reproductive factors that may influence metastatic behavior.'®'

The emergence of multiparametric quantitative MRI techniques, including T1 Map, T2* Map, and advanced diffusion
imaging, offers new opportunities to characterize tumor microenvironment and predict metastatic potential.'*'* Unlike
conventional qualitative MRI features, quantitative parameters provide objective, reproducible measurements that reflect
distinct biological properties: ADC values correlate with tumor cellularity and tissue microstructure,'>'® T1 relaxation times
after contrast enhancement reflect vascular permeability and extracellular volume fraction,'”'® and T2* mapping captures
tissue oxygenation and hemorrhage.'° The integration of these complementary quantitative parameters may provide a more
comprehensive assessment of tumor aggressiveness and metastatic potential than any single parameter alone.®”'> However, to
our knowledge, no previous study has systematically evaluated the combined predictive value of T1 Map, T2* Map, and ADC
for SLNM prediction, nor has any study incorporated reproductive history as a potential predictor despite emerging evidence
suggesting reproductive factors may influence tumor biology and metastatic behavior.*'*?

Therefore, we aimed to develop and internally validate a multiparametric MRI-based prediction model that integrates
quantitative imaging parameters (ADC, T1 Map post, T2* Map) with clinical factors, including reproductive history, for
preoperative identification of SLNM in breast cancer patients. We hypothesized that: (1) the combination of multiple quantitative
MRI parameters would provide superior predictive performance compared with single-parameter approaches; (2) reproductive
factors, specifically parity, may serve as independent predictors of SLNM; and (3) a comprehensive model incorporating both

imaging and clinical factors would achieve excellent discrimination and calibration suitable for clinical application.

Materials and Methods
Clinical Data

A total of 125 female patients with breast masses were retrospectively enrolled from the Department of Breast Surgery,
Jingzhou First People’s Hospital (the First Affiliated Hospital of Yangtze University), between January 2022 and
December 2024, with a mean age of 49.86 years (range: 28—74 years). The data collection time point was standardized as
follows: for reproductive-aged female patients, data were collected approximately one week after the end of menstruation; for
postmenopausal female patients, data could be collected at any time point. The data collection process, inclusion criteria, and
exclusion criteria are illustrated in Figure 1. All patients had pathologically confirmed breast cancer and underwent sentinel
lymph node biopsy or axillary pathological evaluation, providing definitive sentinel lymph node metastasis (SLNM) status.
Among them, 57 cases had SLNM, and 68 cases had no metastasis. This study was approved by the Ethics Committee of the
First Affiliated Hospital of Yangtze University, with the ethical approval number LL.202280.

MRI Scanning Methods and Parameters

A Siemens Skyra 3.0 T magnetic resonance (MR) scanner was used. The scanning sequences included conventional breast MRI
sequences, as well as diffusion-weighted imaging (DWI), pre-contrast T1 mapping (T1 Map_pre), T2 mapping (T2 Map), T2*
mapping (T2* Map), dynamic contrast-enhanced MRI (DCE-MRI), and post-contrast T1 mapping (T1 Map_ post).
Gadopentetate dimeglumine contrast agent (Gd-DTPA, Bayer Schering Pharma, Germany) was administered via a high-
pressure injector through the left cubital vein at a rate of 3 mL/s, with a total dosage of 0.1 mmol/kg. The T1 Map_post was
acquired at 9 minutes and 40 seconds after contrast enhancement. DWI was performed with three b-values: 0 s/mm?, 400 s/mm?,
and 800 s/mm”.

The scanning modes adopted were as follows: variable-flip-angle short-TR three-dimensional spoiled gradient-echo
(3D-VFA-SPGR) for T1 Map pre and T1 Map_post; two-dimensional multi-echo spin-echo technique (2D-MC-SE) for
T2 Map; and two-dimensional FLASH gradient-echo (2D-FLASH) for T2* Map. The scanning parameters of DWI,
mapping sequences (T1 Map pre, T1 Map post, T2 Map, T2* Map), and DCE-MRI are summarized in Table 1.
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Figure | Process of experimental case collection. Patients were retrospectively enrolled between January 2022 and December 2024.

Image Processing and Analysis
The post-processing platform was Siemens Syngo MR E11, with the following workflows:

T1 Map: 1. B1 field inhomogeneity correction: on-line Bloch-Siegert B1 map (6 s, same positioning as subsequent maps); 2.

Application of MotionCor non-rigid registration to dual-flip-angle images; 3. Linearized Ernst equation: S/sin o =a-(S/tan o) + b;

T1 = -TR/In(a); 4. Optional noise floor offset (disabled in this study; phantom CV < 1.2%); 5.

Table | Scanning Parameters of DWI, Mapping Sequences, and DCE-MRI

Output: T1 map (in ms). In this

TR TE (ms) Flip Angle Bandwidth Echo Train FOvV Volume Pixel Gap Slice

(ms) (deg) (Hz/Px) Length (mm*mm) (mm*mm*mm) (mm)
TIMap_pre 4.54 2.02 2.0/15.0 350 300%300 1.6%1.6%1.6 104
T2Map 2660 | 11.1/22.2/33.3/44.4/55.5/66.6 180 219 300%300 1.2%1.2%4.0 1.2 30
T2* Map 724 3.54/7.54/11.54/15.54 25 260 300%300 1.2%1.2%4.0 1.2 30
DCE-MRI 4.95 239 10 360 300%300 1.6%1.6%1.6 104
TIMap_post | 4.54 2.02 2.0/15.0 350 300%300 1.6%1.6%1.6 104
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equation, S represents signal intensity, alpha is the flip angle, a is the fitted slope of the linearized Ernst equation, b is the intercept,
and TR is repetition time.

T2 Map: 1. Application of MotionCor non-rigid registration across echo times (TE); 2. Monoexponential fitting: S(TE) = A-e"
(-TE/T2) + n (noise floor n was set as the mean value of the region of interest [ROI] in air and fixed); 3. Output: T2 map (in ms). In
this equation, A represents the fitted signal amplitude and S(TE) represents the measured signal intensity at each echo time.

T2* Map: 1. Combined channel combination (sum of squares); 2. Monoexponential fitting: S(TE) = A-e"(-TE/T2*) +n; 3.
Truncation: discard voxels when the signal-to-noise ratio (SNR) of the last echo < 5 (< 2% of total voxels); 4. Output: T2* Map
(in ms). CV refers to the coefficient of variation used to assess measurement repeatability.

DWI (ADC): 1. Image loading and registration; 2. Artifact and distortion correction; 3. Noise and threshold
processing; 4. Voxel-wise fitting and ADC map generation; 5. ROI delineation on ADC maps, with the fitting model
formula: S(b) = S0-e"(—b-ADC). In the diffusion equation, S(b) represents signal intensity at a given b value, SO is the
signal intensity when b = 0, and b is the diffusion weighting factor.

Principles of ROI Delineation

ROI delineation for ADC, T1 Map_pre, T2 Map, T2* Map, and T1 Map_post was based on axial DCE-MRI images.
Selection of reference plane: On axial DCE-MRI images after contrast agent injection, the plane corresponding to the
maximum cross-section of the tumor was selected for ROI delineation. Determination of time point: Based on the
dynamic enhancement curve, the time point when tumor enhancement reached its peak (usually 60—120 seconds after
injection) was prioritized. Delineation principles: 1. Delineate regions with the most obvious tumor enhancement; 2.
Exclude obvious necrotic or cystic areas (if present); 3. Avoid including excessive normal glandular tissue to reduce
partial volume effect; 4. Verify the representativeness of the selected plane using the time-signal intensity curve.

Confirmation of Longest Diameter and Short Axis

On dynamic contrast-enhanced MRI (DCE-MRI) images, the “solid component” of the mass was identified first. The
reference plane of the maximum cross-section was located using multi-planar reconstruction (MPR). The Longest
diameter (maximum linear distance in any orientation) was measured with the rotating caliper method, and then the
short axis (maximum linear distance) was determined on the same plane, perpendicular to the Longest diameter.

ROI Value Measurement and Validation

To guarantee independence, two senior radiologists with over 5 years of clinical experience independently performed
region of interest (ROI) delineation, measurement, and subsequent parameter extraction on all imaging sequences and
metrics of the same patient, including ADC, T1 Map pre, T2 Map, T2* Map, T1 Map post, short axis, and long
diameter. Each radiologist conducted three repeated measurements for each metric: the data from Radiologist A were
labeled as al, a2, and a3, while those from Radiologist B were labeled as b1, b2, and b3. To resolve discrepancies, if the
difference between the measurement results of the two radiologists for the same metric exceeded 10%, a joint review of
the images was conducted to determine a unified measurement value.

Furthermore, to ensure the consistency of ROI delineation and measurement between the two radiologists, a consistency test
was performed: the measurement results of 50 randomly selected patients were analyzed. First, the average values were calculated
using the formulas A = (a 1+a 2+a3)/3 and B = (b 1+b 2+b3)/3. Subsequently, a two-way random-effects model was adopted to
assess the consistency between A and B by calculating the intraclass correlation coefficient for absolute agreement (ICC2,1).

The results showed that the ICC2,1 values for ADC, T1 Map pre, T2 Map, T2* Map, T1 Map_post, short axis, and
long diameter were 0.88, 0.98, 0.87, 0.86, 0.85, 0.86, and 0.84, respectively (all p<0.001). According to the criteria
proposed by Cicchetti (1994), these results indicate “excellent” consistency between the two radiologists in terms of ROI
delineation and measurement (see Figure 2 for the workflow of the ICC consistency test). Representative multiparametric
MR images from a patient with SLNM positivity are shown in Figure 3. The between-group distributions of the
significant clinical and MRI variables are presented in Figure 4.

The calculation formulas for two derived indicators (AT1 Map and AT1 Map re) are as follows: AT1 Map= (T1
Map _pre) - (T1 Map_post); AT1 Map_re =(T1 Map_pre—T1 Map_post)/ T1 Map_pre.
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Bidirectional Random Consistency Test

Figure 2 Two radiologists independently measured MRI parameters in triplicate (al-a3 and bl-b3) for each patient. The average values (A and B) derived from these
measurements were calculated for a cohort of 50 randomly selected patients. Consistency between the two observers was evaluated using an intraclass correlation coefficient.

Figure 3 Representative images from a 54-year-old woman with non-specific invasive breast cancer in the upper outer quadrant of the left breast and SLNM positivity.
Orange arrows indicate the primary tumor focus in panels (A—C) and (G), whereas black arrows indicate the corresponding lesion location in panels (D-F). (A) DCE-MRI;
(B) DWI; (C) ADC; (D) T2 Map; (E) T2* Map; (F) TI Map_post; (G) T| Map_pre.
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Figure 4 Comparison of significant clinical and MRI parameters between patients with and without sentinel lymph node metastasis (SLNM). (A-F) Raincloud plots
combining box plots, jittered scatter plots, and density distributions for continuous variables. Pink/red indicates the SLNM-positive group and green/blue indicates the SLNM-
negative group. (A) tumor short axis (P = 0.002); (B) T2* Map (P < 0.001); (C) T| Map_post (P < 0.001); (D) ADC (P < 0.001); (E) Delta T| Map_re (P < 0.001); (F) Delta
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T1 Map (P = 0.003). (G) histograms with fitted distribution curves showing parity distribution in both groups (P = 0.023).

Statistical Analysis

Data analysis was executed using the Python programming environment (Version 3.11.5; Python Software Foundation).
The visualization of results was accomplished using either Python or OriginPro 2024 (OriginLab Corporation,

Northampton, MA, USA).
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Sample Size Justification

An a priori power analysis was not undertaken given the exploratory nature of this investigation. With 57 events (sentinel
lymph node metastasis) and five estimated model coefficients representing four predictor domains, the events-per-
coefficient ratio was 11.4, meeting the minimum requirement for logistic regression modeling.

Univariate Analysis

Continuous variables were tested for normality using the Shapiro—Wilk test. Normally distributed variables are presented as mean
+ standard deviation (SD) and compared using independent-samples -test for equal variances (assessed by Levene test) or Welch
t-test for unequal variances. Variables exhibiting non-normal distribution were summarized by their medians and interquartile
ranges (IQR), with between-group comparisons conducted via the Mann—Whitney U-test. Categorical data were expressed as
frequencies (percentages) and analyzed using the y-test; however, Fisher’s exact test was employed if expected cell counts fell
below 5. To quantify the magnitude of differences, we calculated Cohen’s d for parametric tests, r for non-parametric
assessments, and odds ratios (OR) with 95% confidence intervals (CI) for categorical associations.

Multivariate Analysis

We constructed ROC curves for continuous variables that showed significant associations (P <0.05) in the univariate
analysis. Bootstrapping (1000 replications) was used to calculate the AUC and 95% Cls, with the Youden index identifying
optimal cutoff points. Prior to modeling, we standardized continuous variables-specifically ADC, T1 Map_ post, and T2*
Map-using Z-scores (mean=0, SD=1) to eliminate scale discrepancies. A multivariable logistic regression model was then
developed to identify independent predictors. Variable selection relied on the least absolute shrinkage and selection operator
(LASSO) method with 5-fold cross-validation to minimize overfitting. For categorical variables, dummy coding was applied
using the lowest category as the baseline. We evaluated multicollinearity using the variance inflation factor (VIF), accepting
values below 10. Finally, model performance was validated through discrimination metrics (AUC, 95% CI), calibration
measures (Brier score, calibration curves), and clinical utility assessment (decision curve analysis).

Model Validation and Clinical Application
To derive optimism-corrected performance metrics, internal validation was conducted via bootstrap resampling (1000
iterations). Furthermore, the final multivariate model was visualized as a nomogram to enable personalized risk assessment.

Statistical Testing

Statistical significance was defined as a two-sided P value <0.05. Data analyses were conducted using the Python environment
(version 3.11.5; libraries: scikit-learn 1.3.0, statsmodels 0.14.0) and R software (version 4.3.1; R Foundation for Statistical
Computing). Specific R packages employed included pROC (v 1.18.4), glmnet (v 4.1-8), and rms (v 6.7-1).

Result

Patient Characteristics and Univariate Analysis

This retrospective study analyzed 125 consecutive patients with histologically confirmed invasive breast cancer who
were recruited between January 2022 and December 2024. All participants underwent preoperative multiparametric MRI
followed by sentinel lymph node biopsy (SLNB). The cohort exhibited a median age of 50 years (IQR: 42-56) and
a median body mass index (BMI) of 22.7 kg/m? (IQR: 21.6-25.5). Based on pathological results, 57 patients (45.6%)
were identified as SLNM-positive, while 68 (54.4%) were SLNM-negative.

Univariate analysis revealed that, compared to the non-metastatic group, patients with SLNM exhibited significantly larger
tumor short-axis diameters (P=0.002) and elevated post-contrast T1 mapping values (P<0.001). Conversely, the SLNM-
positive group demonstrated significantly reduced ADC values (median: 899.3 vs 1293.8 x 10® mm?/s; P<0.001) and lower
T2* mapping values (P<0.001). Significant differences were also observed in AT1 Map and AT1 Map_re indices (P=0.003
and P<0.001, respectively). Regarding clinical factors, parity showed a significant association with nodal status (P=0.023),
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with notable differences in distribution among nulliparous women and those with one or two births. No other baseline
characteristics differed significantly (Table 2). These between-group distributions are summarized in Figure 4.

Univariate Predictive Performance

We assessed the individual predictive performance of the six significant continuous variables using ROC curve analysis.
As illustrated in Figure 5A and D, T2* Map exhibited the superior discriminative capacity, achieving an area under the
curve (AUC) of 0.879 (95% CI, 0.809-0.949). This was followed closely by ADC (AUC, 0.854; 95% CI, 0.779-0.918)
and post-contrast T1 mapping (T1 Map post; AUC, 0.814; 95% CI, 0.728-0.890). In contrast, the tumor short axis
demonstrated only moderate diagnostic potential, with an AUC of 0.659 (95% CI, 0.567-0.752).

Table 2 Baseline Characteristics and Univariate Analysis of Patients with and without
Sentinel Lymph Node Metastasis

Variable SLNM_Positive SLNM_Negative P_value

Characteristic SLNM+ (n=57) SLNM- (n=68) P value

Demographic Characteristics

Age, y 482+ 102 513496 0.081°
Education, y 9.0 (9.0-12.0) 12.0 (9.0-15.0) 0.102°
Body mass index, kg/m? 22.9 (21.6-25.6) 22.6 (21.6-25.5) 0.648°

Reproductive History

Age at menarche, y 13.0 (13.0-14.0) 13.0 (12.0-14.0) 0.228°
Postmenopausal status 30 (52.6) 40 (58.8) 0.607°
Pregnancy history, No. 0.296°
0 times 0 (0.0 3 (44)

| time 13 (22.8) 18 (26.5)

2 times 15 (26.3) 19 (27.9)

3 times 17 (29.8) 12 (17.6)

4 times 10 (17.5) 9(13.2)

5 times 1 (1.8) 5(7.4)

6 times 1 (1.8) 2 (29)

Parity, No. 0.023c
Nulliparous 1(1.8) 3 (44)

| time 32 (56.1) 51 (75.0)

2 times 20 (35.1) 14 (20.6)

3 times 4 (7.0 0 (0.0)

Tumor Characteristics

Longest diameter, mm 25.0 (21.0-37.0) 23.5 (16.0-31.0) 0.086°
Short axis, mm 21.0 (16.0-30.0) 16.0 (11.0-23.0) 0.002°
(Continued)
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Table 2 (Continued).

Variable SLNM_Positive SLNM_Negative P_value
Tumor shape 0.304¢
Round 7 (12.3) 7 (10.3)

Oval 8 (14.0) 17 (25.0)

Lobulated 8 (14.0) 13 (19.1)

Irregular 34 (59.6) 31 (45.6)

Tumor margin 0.837¢
Circumscribed 9 (15.8) 15 (22.1)

Indistinct 10 (17.5) 12 (17.6)

Microlobulated 5(8.8) 5(7.4)

Spiculated 33 (57.9) 36 (52.9)

Pathological Characteristics

ER positive 37 (64.9) 45 (66.2) 1.000°
PR positive 29 (50.9) 36 (52.9) 0.960°
AR positive 46 (80.7) 55 (80.9) 1.000°
HER2 status 0.559¢
Negative 9 (15.8) 9(13.2)

Low (I+) 25 (43.9) 25 (36.8)

Positive 23 (40.4) 34 (50.0)

MRI Characteristics

TIC curve type 0.067¢
Persistent 9 (15.8) 4 (5.9)

Plateau 6 (10.5) 15 (22.1)

Washout 42 (73.7) 49 (72.1)

ADC, x107¢ mm?/s 899.3 (768.2-983.1) 1293.8 (1099.5-1467.8) | <0.001°
TI Map_pre, ms 1802.8 (1478.6-2008.5) | 1800.6 (1612.9-2020.5) | 0.353°
T1 Map_post, ms 597.2 (536.0-672.3) 456.9 (412.5-518.5) <0.001"°
AT IMap, ms 1154.7 (871.8-1365.2) 1335.2 (1100.7-1550.1) | 0.003"
ATI Map_re 0.6 (0.6-0.7) 0.7 (0.7-0.8) <0.001b
T2 Map, ms 98.5 (81.5-115.5) 101.6 (73.0-121.2) 0.927°
T2* Map, ms 31.8 (25.8-38.9) 51.4 (45.2-57.9) <0.001"°

Notes: *Independent-samples t-test or Welch t-test; "Mann-Whitney U-test; <y’-test or Fisher exact test. All
P values are 2-sided, with P <0.05 considered statistically significant. Significant P values are shown in bold.
SLNM+ indicates patients with sentinel lymph node metastasis; SLNM- indicates patients without sentinel lymph
node metastasis.
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Multivariable Logistic Regression Analysis

To isolate robust predictors and mitigate the risk of overfitting, we implemented the Least Absolute Shrinkage and
Selection Operator (LASSO) algorithm with 5-fold cross-validation on seven variables identified as significant in the
univariate analysis, including tumor short axis, ADC, T1 Map post, T2* Map, Delta T1 Map, Delta T1 Map re, and
parity. Delta T1 Map and Delta T1 Map re were excluded to avoid mathematical redundancy and multicollinearity
(variance inflation factors [VIF] of 5.6 and 8.8, respectively), and tumor short axis did not remain in the final prediction
model after multivariable selection. The final model retained four predictor domains: ADC, T1 Map_post, T2* Map, and
parity. In the final model, collinearity was negligible, with all VIF values remaining below 3.

Subsequent multivariable logistic regression identified four independent predictor domains for SLNM (Table 3).
Specifically, ADC acted as a protective factor, where each standard deviation (SD) increase correlated with a 74% reduction
in SLNM odds (OR, 0.26; 95% CI, 0.14-0.47; P <0.001). Similarly, T2* mapping showed the strongest protective effect, with
a one-SD increase associated with an 85% decrease in odds (OR, 0.15; 95% CI, 0.09-0.27; P <0.001). Conversely, post-
contrast T1 mapping was a significant risk factor (OR, 2.27; 95% CI, 1.26-4.08; P =0.006), implying a 127% increase in odds
per SD elevation. Regarding reproductive history, parity showed a significant global effect (P =0.043); parity of 2 births
significantly increased risk compared with nulliparity (OR, 1.84; 95% CI, 1.02-3.31; P =0.043), whereas parity of 1 birth was
not statistically significant (P =0.137). The subgroup with 3 births was not assigned an independent coefficient because all four
patients in this category were SLNM-positive, resulting in perfect separation.

Model Performance and Validation
As illustrated in Figure 5B, the multivariable model exhibited robust discriminative ability, achieving an AUC of 0.960
(95% CI, 0.927-0.985). Based on the maximal Youden index, the optimal probability threshold was identified as 0.616.
At this cutoff, the model attained a sensitivity of 87.7% and specificity of 95.6%, alongside positive and negative
predictive values of 94.3% and 90.3%, respectively (Table 4). The diagnostic capability was further evidenced by
a positive likelihood ratio of 19.88 and a diagnostic odds ratio of 154.8, indicating a strong overall predictive effect.
Independent effects of the predictors in the multivariable logistic regression model are summarized in Figure SE.
Regarding calibration (Figure 5C), the model showed high agreement between predicted and observed risks,
characterized by a low Brier score (0.082), a slope near unity (0.98), and a minimal intercept (0.02). Decision curve
analysis (Figure 6B) confirmed clinical utility, showing a net benefit over default strategies across a broad probability
range (10%-80%). Finally, internal validation using 1000 bootstrap resamples demonstrated model stability, yielding an
optimism-corrected AUC of 0.956 and corrected sensitivity/specificity of 86.7% and 95.4%, respectively.

Table 3 Independent Predictors of Sentinel Lymph Node Metastasis in Multivariate
Logistic Regression Analysis

Variable Beta SE Wald | OR C1_95 P_value

MRI Quantitative Parameters

ADC, per SD increase —1.349 | 0.300 | 20.22 | 0.259 | 0.144-0.467 | <0.001

T1 Map_post, per SD increase | 0.818 0.300 | 743 2.266 | 1.259-4.079 | 0.006

T2* Map, per SD increase —1.882 | 0.300 | 39.35 | 0.152 | 0.085-0.274 | <0.001

Clinical Factors

Parity (reference: nulliparous) | — — — — — 0.043%

| time —0.446 | 0.300 | 2.21 0.640 | 0.356-1.152 | 0.137

2 times 0.609 | 0.300 | 4.12 1.838 | 1.021-3.308 | 0.043
(Continued)
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Table 3 (Continued).

Variable Beta SE Wald | OR CI_95 P_value
Model Performance Metrics

Sample size, No. 125

Events (SLNM+), No. 57

Events per model coefficient 1.4

—2 Log likelihood 54.32

AUC 0.960 (0.927-0.985)
Brier score 0.082

Sensitivity, % 87.7 (78.6-95.2)
Specificity, % 95.6 (90.0-100.0)
PPV, % 94.3 (87.5-100.0)
NPV, % 90.3 (83.0-96.1)

Notes: “The P value for parity represents the global effect from a likelihood ratio test comparing models with and
without this predictor domain. Bold indicates P <0.05. I. To facilitate the comparison of effect sizes, Z-score
normalization (mean=0, SD=1) was applied to all continuous MRI parameters prior to modeling. 2. Parity was treated
as a categorical variable using dummy coding, with nulliparous women serving as the reference group. Due to the
phenomenon of perfect separation, the subgroup with 3 births (n=4, all effectively SLNM-positive) was omitted from
coefficient estimation. 3. Feature selection was conducted via the least absolute shrinkage and selection operator
(LASSO) method, utilizing 5-fold cross-validation. The penalty parameter was optimized based on the minimum cross-
validation error. 4. Variance inflation factors (VIF) were calculated to detect multicollinearity; all retained variables
exhibited VIF values < 3, suggesting no significant collinearity. 5. The Wald ¥ statistic, defined as ([3/SE)2 with | degree
of freedom, was used to test the significance of individual predictors. 6. *a The P-value for parity reflects its global
effect, derived from a likelihood ratio test comparing models with and without this predictor domain. 7. The final
model contained four predictor domains represented by five estimated coefficients: ADC, T|1 Map_post, T2* Map,
parity | birth, and parity 2 births. 8. Performance metrics were assessed at a threshold probability of 0.616, which
corresponds to the maximum Youden index (sensitivity + specificity — ). 9. We employed bootstrap resampling (1000
replicates) to generate 95% confidence intervals for all performance metrics. 10. Calibration was measured by the
Brier score (range: 0—1), where lower values denote superior agreement between predicted and observed prob-
abilities. | 1. Statistical significance was set at two-sided P <0.05 (highlighted in bold). 12. B: regression coefficient;
positive values signify increased risk, whereas negative values imply protective effects. |3. OR: odds ratio; values > | or
< | indicate increased or decreased odds of SLNM, respectively.

Abbreviations: Cl, confidence interval; NPV, negative predictive value; OR, odds ratio; PPV, positive predictive
value; SD, standard deviation; SE, standard error.

Table 4 Performance Characteristics of the Multivariate Prediction Model
for Sentinel Lymph Node Metastasis

Performance Measure Value | 95% CI Interpretation

Model Discrimination

AUC 0.960 | 0.927-0.985 | Excellent

Optimism-corrected AUC (bootstrap) | 0.956 | 0.920-0.985 | Excellent

Diagnostic Accuracy Measures

Sensitivity, % 87.7 78.6-95.2 High

Specificity, % 95.6 90.0-100.0 | Very high

Accuracy, % 92.0 87.2-96.0 Excellent

Youden index 0.833 | 0.726-0.921 | Excellent
(Continued)

12 https: International Journal of Women’s Health 2026:18



Zhang et al

Table 4 (Continued).

Performance Measure Value | 95% CI Interpretation

Predictive Values

Positive predictive value, % 94.3 87.5-100.0 | Very high

Negative predictive value, % 90.3 83.0-96.1 High

Likelihood Ratios

Positive likelihood ratio 19.88 | 8.58-64.43 Large increase

Negative likelihood ratio 0.13 0.05-0.23 Large decrease

Additional Diagnostic Metrics

Diagnostic odds ratio 154.8 | 38.7-603.2 | Very strong

Fl score 0910 0.862-0.952 | Excellent

Model Calibration

Brier score 0.082 | 0.051-0.112 | Excellent
Calibration slope 0.98 0.85-1.12 Good
Calibration intercept 0.02 —0.15-0.18 | Good

Classification Results

True positives 50 — 87.7% of 57
True negatives 65 — 95.6% of 68
False positives 3 — 4.4% of 68

False negatives 7 — 12.3% of 57

Notes: All diagnostic accuracy measures, predictive values, likelihood ratios, and classification
results were computed at the optimal cutoff threshold of 0.616, which was identified via the peak
Youden index value (defined as sensitivity + specificity — 1). The 95% confidence intervals were
derived from 1000 bootstrap resampling iterations. Optimism-corrected AUC was obtained
through bootstrap internal validation, where the entire modeling process was repeated 1000
times on bootstrap samples. Interpretation Guide: Discriminative Power (AUC): Ranges of 0.90-
1.00 and 0.80-0.90 denote outstanding and good performance, respectively, while values below 0.70
imply limited utility. Probability Shifts (LRs): Conclusive diagnostic evidence is suggested by LR+ > [0
or LR- < 0.1. Moderate diagnostic value is assigned to LR+ of 5-10 or LR- of 0.1-0.2, whereas LR+
of 2-5 reflects only a minor probability shift. Calibration Quality (Brier Score): Scores ranging from
0.00 to 0.10 reflect superior calibration, whereas values exceeding 0.25 indicate significant deviation
between predicted and observed risks. Diagnostic Strength (DOR): A DOR exceeding 100 indicates
a very strong diagnostic effect, while values below 10 suggest weak performance. Clinical
Interpretation: |. A positive test (predicted probability =2 0.616) increases the probability of
SLNM by a factor of 19.88 (LR+), indicating high confidence in ruling in SLNM. 2. A negative test
(predicted probability < 0.616) decreases the probability of SLNM by a factor of 7.7 (I/LR-),
providing strong evidence for ruling out SLNM. 3. The model correctly identifies 87.7% of patients
with SLNM (sensitivity) and 95.6% of patients without SLNM (specificity). 4. When the model
predicts SLNM+, the probability of true SLNM is 94.3% (PPV). When it predicts SLNM—, the
probability of true absence is 90.3% (NPV).

Clinical Application Tool

A nomogram incorporating the 4 independent predictors was developed to facilitate individualized SLNM risk prediction
in clinical practice (Figure 6A). The nomogram allows clinicians to calculate a patient’s probability of SLNM based on
preoperative MRI parameters (ADC, T1 Map post, T2* Map) and reproductive history (parity). For example, a patient
with ADC of 897 x 10"-6 mm2/s, T1 Map_post of 666 ms, T2* Map of 32 ms, and parity of 2 births would have a total
score of approximately 144 points, corresponding to an estimated SLNM probability of approximately 85%.
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Figure 6 Clinical application tools for predicting sentinel lymph node metastasis (SLNM). (A) Nomogram for individualized risk assessment. The nomogram integrates
ADC, T| Map_post, T2* Map, and parity. Bold text in panel (A) denotes the nomogram axis headings used to assign points and read the predicted SLNM risk. Because the 3-
birth subgroup had perfect separation and was omitted from coefficient estimation, the nomogram is intended for the estimable parity categories used in the final model.
Total points are mapped to the SLNM risk axis to obtain the predicted probability of metastasis. (B) Decision curve analysis of the prediction model. The red line represents
the net benefit of using the multiparametric MRI-based nomogram, while the blue dashed line and gray dotted line represent treat-all and treat-none strategies, respectively.
The model demonstrates positive net benefit across threshold probabilities of approximately 10%-80%.

Discussion

The primary objective of this investigation was to construct and internally validate a comprehensive prediction tool for
the preoperative stratification of sentinel lymph node metastasis (SLNM). By integrating three quantitative MRI metrics-
specifically ADC, T1 Map_post, and T2* Map-with parity, the proposed model exhibited superior discriminative
performance (AUC: 0.960; 95% CI: 0.927—0.985). The robustness of these results was confirmed via internal validation,
yielding an optimism-corrected AUC of 0.956. A pivotal discovery of our study is the independent predictive value of
reproductive history; specifically, individuals with a parity of two demonstrated an 84% increase in metastatic risk
compared to nulliparous women (OR: 1.84; 95% CI: 1.02-3.31; P =0.043). To our knowledge, this represents a novel
insight into the interplay between reproductive factors and lymphatic metastasis in breast cancer.
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Comparison with Existing Literature. Prior research has explored MRI-based SLNM prediction, with reported
diagnostic accuracies generally ranging from 0.70 to 0.88. For instance, Baltzer et al achieved an AUC of 0.82 in a 152-
patient cohort by combining diffusion-weighted imaging with conventional MRI features, Liang et al reported an AUC of
0.85 using radiomics from T2-weighted imaging and ADC maps, and Liu et al improved prediction to an AUC of 0.88 by
merging clinical variables with morphological MRI data. The higher performance of our model is likely related to the
combined use of quantitative MRI markers and reproductive history, although external validation is still required.

First, the integration of multiple quantitative MRI parameters (T1, T2*and ADC) captures complementary aspects of
tumor biology that cannot be fully represented by conventional qualitative features or single-parameter approaches.

While most previous studies relied on conventional ADC measurements,” >

our study incorporated T1 and T2* Map,
which provide additional information about tumor microenvironment, vascularity, and tissue composition. Pinker et al'?
demonstrated that multiparametric quantitative MRI could improve characterization of breast lesions, and our findings
extend this concept to the prediction of nodal metastasis. The superior performance of our model may also reflect the
rigorous LASSO variable selection approach that minimizes overfitting, a critical consideration given the relatively
modest sample size compared with some previous studies.

Second, our model’s performance improvement may be partially explained by the inclusion of reproductive history,
which has not been previously evaluated in SLNM prediction models. This represents a novel dimension of risk
stratification that complements imaging-based assessment. The identification of parity as an independent predictor
suggests that reproductive factors influence not only breast cancer development but also metastatic behavior, a finding
that warrants further investigation.

To the best of our knowledge, this represents the inaugural investigation identifying parity as an independent
prognostic factor for sentinel lymph node metastasis (SLNM) in breast carcinoma. Although the correlation between
reproductive history and breast cancer susceptibility is well-documented,'®** the specific interplay between parity and
lymphatic dissemination has remained unexplored. Our results indicate that women with a history of two births exhibit
a significantly elevated risk of SLNM (OR, 1.84; P =0.043), implying that reproductive factors may influence metastatic
progression distinct from their impact on tumorigenesis.

Several biological mechanisms may explain this association, though definitive evidence is lacking and requires further
investigation. First, repeated pregnancy-associated hormonal exposures, particularly elevated estrogen and progesterone
levels, may promote tumor cell proliferation and lymphovascular invasion.''*> Lyons et al'? demonstrated that preg-
nancy-associated breast cancer exhibits more aggressive biological features and higher rates of lymph node involvement,
possibly due to pregnancy-induced immune modulation and angiogenic changes in the breast microenvironment. The
hormonal milieu during pregnancy and lactation creates a pro-angiogenic and pro-inflammatory environment that may
persist and influence subsequent tumor behavior, potentially facilitating lymphatic spread.?

Second, multiple lactation periods may alter breast lymphatic drainage patterns through repeated tissue remodeling.21
The extensive architectural changes that occur during pregnancy and lactation involve not only glandular tissue but also
the supporting stroma and lymphatic network. These structural modifications may create pathways that facilitate tumor
cell dissemination to sentinel lymph nodes, particularly in women who have experienced multiple cycles of tissue
remodeling.”> Additionally, the mechanical and biochemical changes associated with repeated lactation may influence the
expression of adhesion molecules and chemokines that guide tumor cell migration.?’

Third, parity may be associated with specific molecular subtypes or gene expression profiles that predispose to
lymphatic metastasis. Asztalos et al*' demonstrated distinct gene expression signatures in breast cancers diagnosed
following pregnancy, with enrichment of pathways related to invasion and metastasis. Callihan et al** reported that
postpartum breast cancers exhibit higher rates of lymph node involvement and more aggressive histopathological
features, suggesting that pregnancy-associated changes may create a permissive microenvironment for metastatic spread.
The observation that parity of 2 births showed a significant association may reflect a complex dose-response relationship
between cumulative reproductive exposure and metastatic potential. The 3-birth subgroup could not be estimated as an
independent model coefficient because all four patients were SLNM-positive; therefore, this subgroup should be

interpreted as a sparse-data limitation rather than evidence of no association.

International Journal of Women’s Health 2026:18 https: 15



Zhang et al

The independent predictive value of ADC, T1 Map_post, and T2* Map likely reflects distinct biological properties of
metastatic versus non-metastatic tumors, each parameter capturing a different aspect of tumor aggressiveness. Lower
ADC values in SLNM+ patients (OR, 0.26) are consistent with higher tumor cellularity and restricted diffusion, features
associated with more aggressive tumor biology.'>?* Research by Martincich et al'® indicated that decreased ADC values
are associated with elevated histological grades and the presence of lymphovascular invasion. These findings substantiate
the biological rationale for utilizing ADC as a prognostic marker for nodal involvement. The strong association we
observed (r = 0.609 in univariate analysis) suggests that cellular density and tissue microstructure are fundamental
determinants of metastatic potential, possibly reflecting increased cell-cell adhesion, reduced extracellular space, or
altered membrane permeability that facilitates cell migration.*’

Higher T1 values T1 Map_post in SLNM+ patients (OR, 2.27) may reflect increased tumor vascularity and capillary
permeability, both hallmarks of aggressive tumors with metastatic potential.'”'® Post-contrast T1 relaxation metrics
essentially serve as a surrogate for the accumulation of gadolinium within the extravascular-extracellular space (EES).
This accumulation is physiologically modulated by the interplay of tissue perfusion, capillary permeability, and the
fractional volume of the extracellular matrix. Tumors with high metastatic potential typically exhibit chaotic neovascu-
lature with high permeability,” leading to greater contrast accumulation and elevated T1 T1 Map_post values. This
finding aligns with the well-established role of angiogenesis in metastasis, where leaky, immature vessels facilitate tumor
cell intravasation and dissemination.*’

Native T1 mainly reflects intrinsic tissue properties, whereas post-contrast T1 reflects vascular function and extracellular
volume status. In our cohort, T1 Map_pre was not significantly associated with SLNM, while T1 Map_post retained strong
predictive value, supporting the relevance of contrast-related vascular information for metastatic risk assessment.

Lower T2* values in SLNM+ patients (OR, 0.15) may be attributed to increased intratumoral iron deposition,
hemorrhage, or deoxygenated hemoglobin in regions of hypoxia.'**° Hypoxia is a well-recognized driver of metastasis
through upregulation of hypoxia-inducible factors and promotion of epithelial- mesenchymal transition.?**° Teruel et al*'
demonstrated that T2* Map could identify regions of tumor hypoxia in breast cancer, supporting its potential as
a biomarker of metastatic risk. The strong protective effect we observed (OR, 0.15) suggests that T2* Map may be
particularly sensitive to the hypoxic microenvironment that characterizes aggressive, metastatic tumors.

The combination of these 3 MRI parameters provides complementary information: ADC reflects cellularity and
microstructure, T1 Map_ post reflects vascularity and perfusion, and T2* reflects oxygenation and hemorrhage. This
multiparametric approach captures the multifaceted biology of metastatic breast cancer more comprehensively than any
single parameter alone.

The established predictive tool offers significant utility in optimizing patient management and tailoring therapeutic
strategies. Primarily, accurate preoperative stratification of SLNM risk is essential for guiding surgical extent, specifically
in navigating the choice between sentinel lymph node biopsy (SLNB) and axillary lymph node dissection (ALND).>>3
This is particularly pertinent in the post-ACOSOG Z0011 era, where the necessity of ALND for limited nodal disease
remains a subject of intense debate,*” highlighting the critical need for precise risk assessment tools. Clinically, the
model’s robust specificity (95.6%) supports surgical de-escalation for patients with low predicted risk, potentially sparing
them from extensive procedures. Conversely, its high sensitivity (87.7%) ensures that patients requiring comprehensive
axillary evaluation are accurately identified.

Second, the model facilitates the selection of patients eligible for neoadjuvant systemic therapy, given that SLNM status
serves as a pivotal determinant in therapeutic planning.**** Patients predicted to have high SLNM risk might be considered for
neoadjuvant therapy to downstage axillary disease, potentially avoiding axillary dissection. Third, the nomogram (Figure 6A)
provides a user-friendly tool for individualized risk assessment at the point of care, facilitating patient counseling and shared
decision-making. The visual representation of risk factors and their relative contributions helps both clinicians and patients
understand the basis for risk estimates, enhancing informed consent and treatment planning.

Decision curve analysis (Figure 6B) substantiated the model’s clinical value, showing a positive net benefit across
a broad range of threshold probabilities (10%-80%). This wide interval underscores the model’s adaptability to various
risk preferences. Specifically, at a 20% threshold, employing the model conferred a net gain of approximately 35 true
detections per 100 patients relative to the “treat-none” strategy, while maintaining a negligible increase in the false-
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positive rate. This represents meaningful clinical value, as accurate preoperative SLNM prediction can reduce the need
for two-stage surgical procedures and associated morbidity.*® The excellent calibration of our model (Brier score, 0.082;
calibration slope, 0.98) indicates that predicted probabilities closely match observed frequencies, enhancing the reliability
of risk estimates provided to individual patients. This is particularly important for clinical decision-making, where
miscalibrated models may lead to inappropriate treatment choices.®

This study has several methodological strengths that enhance confidence in the findings. First, we employed LASSO
regularization with cross-validation for variable selection, which is superior to traditional stepwise regression methods
that are prone to instability and overfitting.**>” The LASSO approach appropriately excluded mathematically dependent
variables (AT1 and ATI relative change, VIF > 5) while retaining the most informative predictors, demonstrating its
ability to handle multicollinearity effectively. Second, we performed a thorough model evaluation covering discrimina-
tion (AUC), calibration (Brier score, slope, and intercept), and clinical utility (DCA), adhering to the methodological
standards for prediction modeling.*®* This tripartite assessment provides a more complete picture of model performance
than discrimination alone.

Third, rigorous internal validation using bootstrap resampling with 1000 iterations provided optimism-corrected
performance estimates, enhancing confidence in the model’s generalizability.*®*° The minimal optimism, with the AUC
decreasing from 0.960 to 0.956, suggests that overfitting is well-controlled despite the relatively modest sample size.
Fourth, we strictly followed the TRIPOD statement to ensure the transparency and completeness of our reporting.41 This
rigorous approach is essential for facilitating study replication and supporting future external validation for clinical
translation.

This study has several limitations that should be acknowledged. First, this was a single-center retrospective study, and
external validation in independent cohorts from different institutions and geographic regions is needed to confirm the
model’s generalizability.*> We are currently collaborating with other institutions to collect external validation data, which
will be essential for establishing the model’s performance across diverse patient populations and imaging protocols.
Second, the sample size of 125 patients, while yielding an acceptable events-per-model-coefficient ratio of 11.4, is
relatively modest. Although LASSO regularization and bootstrap validation mitigated overfitting risk, larger prospective
studies would provide more precise parameter estimates and allow evaluation of potential effect modifiers and nonlinear
relationships.*?

Third, the biological mechanisms underlying the association between parity and SLNM remain speculative and
require further investigation through molecular profiling, immune microenvironment analysis, and lymphangiogenesis
marker studies. Future research should explore whether parity-associated changes in gene expression, immune cell
composition, or lymphatic architecture directly influence metastatic potential, or whether parity serves as a marker for
other underlying biological factors. Fourth, while our model demonstrated excellent performance, it was developed in
patients undergoing sentinel lymph node biopsy and may not be directly applicable to all breast cancer patients,
particularly those with clinically node-positive disease or those receiving neoadjuvant therapy. The model’s performance
in these subgroups requires separate evaluation.

Fifth, although inter-reader reliability was evaluated in 50 randomly selected patients and showed excellent agreement
for all measured MRI parameters (ICC2,1 = 0.84-0.98), further multicenter reader-assessment studies are warranted to
confirm reproducibility across institutions with varying MRI protocols and reader expertise. Sixth, our model included
only preoperative variables and did not incorporate intraoperative findings or molecular biomarkers. Integration of

additional predictors, such as circulating tumor cells, tumor-infiltrating lymphocytes, or genomic signatures,****

might
further improve predictive performance and provide insights into the biological basis of metastasis.

Seventh, the relatively low prevalence of 3 births (n = 4) precluded robust analysis of this category, and larger studies
are needed to fully characterize the dose-response relationship between parity and SLNM risk. Finally, we did not
evaluate the model’s impact on clinical outcomes, surgical decision-making, or cost-effectiveness. Implementation
studies assessing real-world utility and clinical impact are needed before widespread adoption.*®

Future research should focus on several key areas: (1) prospective external validation in multicenter cohorts with
diverse patient populations and imaging protocols; (2) investigation of biological mechanisms linking parity to lymphatic

metastasis through molecular and immunological studies, including gene expression profiling, immune cell phenotyping,
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and lymphangiogenesis assessment; (3) evaluation of the model in diverse patient subgroups stratified by molecular
subtypes, age, or menopausal status; (4) integration of additional biomarkers (eg, liquid biopsy, genomic classifiers,
immune markers) to further enhance performance and provide mechanistic insights; and (5) prospective implementation
trials to assess the model’s impact on clinical decision-making, patient outcomes, and healthcare economics.

Conclusions

In conclusion, this retrospective study developed and internally validated a multiparametric MRI-based prediction model
for preoperative SLNM assessment in breast cancer. By integrating ADC, T1 Map_post, T2* Map, and parity, the model
achieved strong discrimination, acceptable calibration, and positive decision-curve performance, supporting its potential
use as an individualized preoperative risk-stratification tool. Because the study was single-center and internally validated,
multicenter external validation is needed before routine clinical application.
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