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Abstract

Background Detection of axillary lymph node (LN) involvement is essential for staging breast cancer and optimizing
treatment. This proof-of-concept two-center study explored the feasibility of magnetic resonance imaging (MRI)
radiomics-based machine learning models to predict LN involvement and compare their performance with node
reporting and data system (Node-RADS).

Materials and methods We retrospectively included breast cancer patients undergoing preoperative multi-
parametric MRI and LN dissection (January 2020-September 2024). Stable radiomic features (intraclass correlation
coefficient > 0.75) were extracted from contrast-enhanced, subtracted, and T2-weighted sequences. Five machine
learning models were trained for binary LN involvement classification, using histopathology as a reference standard.
The best-performing model was externally validated on an independent cohort. Performance metrics included
sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and area under the receiver
operating characteristic curve (AUROC). Node-RADS (scores > 2 indicating LN involvement) was used for comparison
in the external dataset.

Results Of 93 cases, 40 (43%) were LN involvement-positive; 17 stable features were selected for model development.
The best-performing model achieved 81% AUROC (95% confidence interval 78-85%), 75% accuracy (70-79%), 52%
sensitivity (41-62%), 92% specificity (86-98%), 85% PPV (76-95%), and 72% NPV (68-76%) on the internal dataset.
External validation (18 cases) showed promising results: 94% AUROC (89—99%), 89% sensitivity (52-100%), 100%
specificity (66-100%); in this small cohort, accuracy, sensitivity, and specificity did not differ significantly versus Node-
RADS, with moderate agreement (Cohen k=047).

Conclusion In this preliminary series, the model showed performance metrics in predicting LN involvement
comparable to Node-RADS.

Relevance statement Radiomics-based MRI models may represent a promising investigational tool for noninvasive
axillary LN assessment in breast cancer. The performance comparable to Node-RADS suggests a potential to support
clinical decision-making in the context of axillary de-escalation surgery.
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* Radiomics uses MRI to predict breast cancer LN involvement non-invasively and accurately.
* Radiomics and Node-RADS showed comparable performance.
* Radiomics could reduce invasive procedures, supporting personalized treatments in breast cancer care.

Keywords Breast neoplasms, Lymph node metastases, Machine learning, Magnetic resonance imaging, Node-RADS

Graphical Abstract

Accurate detection of axillary lymph node invasion (LNI) is essential for staging breast cancer (BC) and optimizing treatment.
We developed a radiomics-based machine learning model to predict LNI and compare its performance with the Node-RADS scoring system.
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During training, 93 patients were included, from whom 17
significant radiomic features were extracted. A logistic
regression model achieved an AUROC of 81%.

In external validation, conducted on 18 patients,
the model demonstrated promising performance
with an AUROC of 94%.
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The comparison between the model and the Node-
RADS showed no significant differences in
accuracy or sensitivity, with good inter-reader
agreement.

Radiomics-based MRI models offer a reproducible, noninvasive tool
for axillary LN assessment, with potential to enhance precision
and reduce invasiveness in BC management

Background

Axillary lymph node (LN) involvement remains a critical
factor in determining breast cancer management strate-
gies, influencing both surgical decisions and systemic
treatments [1—3]. Despite advancements, current pre-
operative assessments often rely on techniques like sen-
tinel LN biopsy [2] or imaging-based evaluations,
including Node Reporting and Data System (Node-
RADS). This system offers reliable yet sometimes sub-
jective insights into LN status [4, 5]. These approaches are
further challenged by their invasiveness or dependence on
qualitative interpretation, potentially leading to variations
in clinical outcomes [6, 7].

Radiomics, with its capacity for quantitative feature
extraction from routine imaging modalities, introduces a
promising, transformative approach to LN involvement
prediction [8]. This methodology, coupled with machine
learning, has shown promise in enhancing diagnostic
precision across various cancers by identifying imaging

biomarkers that are often imperceptible to human
observers [9]. Applications in breast magnetic resonance
imaging (MRI) have specifically highlighted its potential
for noninvasive LN evaluation, demonstrating high
accuracy and predictive value when combined with robust
computational algorithms [10].

Building on this foundation, our study aimed to develop
and validate a radiomics-based machine learning model
using multiparametric MRI to predict LN involvement in
breast cancer patients. By comparing the model’s diag-
nostic performance to the Node-RADS classification
system, we aimed to explore its potential utility as an
investigational tool for noninvasive preoperative LN
assessment. This proof-of-concept study provides pre-
liminary insights into the feasibility of integrating radio-
mics into clinical workflows for axillary LN assessment in
breast cancer. Using histopathology as the reference
standard, it explores the potential of radiomics to com-
plement radiologist interpretations and highlights the
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need for noninvasive, reproducible, and precise tools to
support personalized treatment planning.

Materials and methods

Study design and patient population

This two-center retrospective study was approved by the
Institutional Review Boards of both participating centers,
with informed consent requirements waived. All patient
data was handled in accordance with relevant data pro-
tection regulations and institutional review board guide-
lines. This study was designed, conducted, and reported in
adherence to the Checklist for Clear Reporting of
Radiomics Studies to ensure methodological rigor and
transparency [11, 12].

Patients diagnosed with invasive carcinoma, micro-
invasive carcinoma, or high-risk (grade 3, high Ki-67)
carcinoma in situ [13] between January 2020 and Sep-
tember 2024 were retrospectively enrolled. Eligible
patients underwent preoperative multiparametric MRI,
breast surgery, and axillary LN dissection at either center
following identical selection criteria.

Patients with positive LNs on imaging indicating locally
advanced disease (e.g., stage II or higher) or those
undergoing axillary LN dissection due to sentinel LN
failure, c¢T4 tumors, or inflammatory carcinoma were
included.

Exclusion criteria included prior neoadjuvant systemic
therapy, incomplete MRI protocol, absence of docu-
mented LN pathology examination, and missing clinical
or imaging data. All cases included had complete imaging,
clinical, and histopathological data, ensuring robust data
integrity for model training and validation.

The sample size of this study was limited by the decision
to exclude patients who had undergone neoadjuvant
therapy, ensuring a direct correlation between the Node-
RADS score and the histopathological analysis of LNs
without the potential morphological alterations induced
by treatment. Although this selection significantly

1st center: training

Outcome:
lymph node invasion
positive or negative
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reduced the number of eligible patients, it was necessary
to maintain methodological consistency with the valida-
tion criteria previously established for Node-RADS, as
reported in a prior 2024 study by Pediconi et al [5].

To evaluate and compare the performance of the
radiomics-based model and the radiologist’s assessment,
only the cases from the external validation dataset were
used. Cases from the first center were allocated exclu-
sively to the development and validation of the radiomics
model, ensuring an unbiased comparison of the radi-
ologist’s Node-RADS scoring and model performance.
This approach ensured that cases used to develop and
validate the model did not overlap with those used for the
comparison, maintaining methodological rigor.

For each patient, we considered the highest Node-
RADS score assigned by the radiologist (F.P.) and then
matched against the final pathology report to determine
the presence or absence of LN involvement. Subsequently,
the same LN with the highest Node-RADS score was
segmented using the software to ensure consistency and
comparability between the radiologist-assigned score and
the radiomics analysis.

The workflow diagram summarizing the process is
presented in Fig. 1.

MRI protocol

Breast MRI was performed at both centers using scanners
equipped with an 8-channel dedicated breast coil: a 3-T
Discovery MR 750 (GE Healthcare) at Center 1 in Rome,
Italy; and a 1.5-T Achieva (Philips Medical Systems) at
Center 2, Bari, Italy. A uniform imaging protocol was
applied, including axial T2-weighted fat-suppressed
sequences, diffusion-weighted imaging (b-values 0, 500,
and 1,000 s/mm?), apparent diffusion coefficient maps,
and dynamic contrast-enhanced T1-weighted fat-
suppressed sequences acquired before and after gadoli-
nium injection. Subtraction images were generated for all
examinations.

2nd center: external validation
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Fig. 1 Study workflow. From left to right, the workflow illustrates the development of the machine-learning model using data collected from the first
center. From right to left, the workflow outlines the validation of the model using data collected from the second center. The same radiologist who
segmented both datasets assigned the Node-RADS scores to the cases used for external validation
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Table 1

Technical parameters of the T2-weighted and contrast-
enhanced T1-weighted dynamic sequences

Sequences Technical characteristics
Center 1 Center 2
Fast spin-echo T2-weighted
Repetition time (ms)  9,000-11,000 6,300
Echo time (ms) 119-120 130
Acquisition matrix 512 x 224 600 X 336
Slice thickness (mm) 3-5 3
Field of view 350 x 350 250 % 450
Number of 1 1
excitations
Scan time (s) 130 130
Axial T1-weighted fat-saturated
Flip angle () 15 15
Repetition time (ms) 8 4
Echo time (ms) 4 2
Acquisition matrix 512 %256 300 168
Slice thickness 140 1.60
Field of view 380 x 380 250 x 450
Number of 1 1
excitations
Scan time (s) 210 (42 per 540 (90 per
acquisition) acquisition)

For the radiomics analysis, only the axial T2-weighted
and the venous phase post-contrast T1-weighted sub-
tracted sequence (90s after contrast injection) were
selected for further evaluation. The technical parameters
of these two sequences are described in detail in Table 1.

Radiomic analysis
Radiomic analysis was performed in compliance with the
image biomarker standardization initiative (IBSI) [14]
using the TRACE4Research™ platform (DeepTrace tech-
nologies) [15]. Automated workflows included segmen-
tation, preprocessing, feature extraction, and selection.
LNs were manually segmented slice-by-slice by a radi-
ologist (F.P.) with 20 years of experience (Fig. 2). Images
were resampled to isotropic voxel spacing (1 mm for
subtraction images, 2 mm for T2-weighted sequences).
Extracted radiomic features included morphology,
intensity-based statistics, intensity histograms, and tex-
ture features (GLCM, GLRLM, GLSZM, NGTDM, and
NGLDM), derived from original and filtered images
(wavelet, square, squareroot, logarithm, exponential, gra-
dient, and laplacian-of-gaussian).

Radiomic feature selection was performed using a
multistep approach, initially applying a reproducibility
assessment based on the intraclass correlation coefficient
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(ICC) to retain stable features. Feature stability and
repeatability were quantitatively assessed using the ICC,
with a threshold of >0.75 considered acceptable for
inclusion, in line with IBSI recommendations. Features
below this threshold were excluded.

Subsequently, a mutual-information analysis and a
genetic algorithm were applied for feature selection, using
a custom fitness function that maximized relevance (mean
mutual information with the class label, using symmetric
uncertainty) and minimized redundancy (mean inter-
feature correlation). Discretization was performed using
12 bins. This process was executed within each fold of a
nested 3-fold cross-validation to avoid data leakage,
ensuring that selection and training occurred indepen-
dently of validation or testing data.

Features with a low coefficient of variation (thresh-
old = 0.1) and low mutual information with the class label
(threshold = 0.3) were removed. To address the issue of
intercorrelated features, a mutual-information analysis
was conducted, using a genetic algorithm to optimize a
custom fitness function. This function operates on a
selected set of candidate features and considers two fac-
tors: the mean intercorrelation, expressed as symmetric
uncertainty among the discretized features (12 bins), and
the mean correlation of each feature with the class label,
also expressed as symmetric uncertainty. Therefore, the
resulting set of features is chosen to maximize useful
information and minimize redundancy.

To prevent data leakage, feature selection was per-
formed independently within each fold of the nested
3-fold cross-validation, ensuring that no information from
validation or test sets influenced the training process. This
process was repeated independently in each fold, ensuring
that feature selection was based solely on the training data
of that specific fold, without access to the validation or
test sets.

To address the issue of segmentation variability, we
evaluated the stability of the radiomic features with
respect to different segmentations and their repeatability
in a test-retest study. This evaluation was performed by
statistically comparing the features obtained from data
augmentation strategies: (a) randomly manipulating the
manual segmentation of the volume of interest performed
by the expert operator; and (b) rotating the original
images and segmentations. The comparison was per-
formed by computing the ICC; features with ICC < 0.75
were considered non-stable/repeatable.

Five machine-learning models were tested: random
forest, support vector machine, k-nearest neighbors,
multilayer perceptron, and logistic regression. Models
were trained and validated using nested 3-fold cross-
validation, with oversampling of the minority class using
“adaptive synthetic sampling”.
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Fig. 2 TRACE4Research™ platform: segmentation panel showing the contrast-enhanced subtracted images on the left and the T2-weighted images on
the right (a); magnified left breast and axilla with node segmentation on both sequences (b)

Performance metrics were averaged across validation
folds with 95% confidence intervals and significance
assessed using the Wilcoxon signed-rank test. The best-
performing model, based on mean area under the receiver
operating characteristic curve (AUROC) from internal
testing, underwent external validation using an indepen-
dent dataset.

Node-RADS assessment

The same breast radiologist (F.P.) who segmented both
datasets evaluated LNs using the Node-RADS scoring
system [4, 5] (Fig. 3), blinded to histopathological results.

Scores ranged from 1 (very low suspicion) to 5 (very high
suspicion). LNs rated as Node-RADS > 2 were classified as
positive for LN involvement [5].

Histopathological analysis

Lymph-node status was confirmed via axillary LN dis-
section. LNs were classified as negative, with micro-
metastasis (>02mm and <2mm), or with
micrometastasis (>2 mm). Pathological results served as
the reference standard for assessing LN status, with
findings confirming the classification. Cases of isolated
tumor cells (< 0.2 mm) were classified as benign [16].
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Node-RADS 1.0: Standardized Assessment of Lymph Nodes in Cancer
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Fig. 3 Explanation of the Node-RADS scoring system, adapted from the original publication [4]. The configuration score is calculated by summing points
from three subcategories: texture, border, and shape. This combined configuration score is then integrated with the size evaluation using the flowchart
to assign a final Node-RADS score (from 1 to 5), which reflects the likelihood of malignancy

Statistical analysis

Statistical analysis was performed using embedded tools
within the TRACE4Research™ platform. Radiomic feature
distributions for LN involvement-positive and LN
involvement-negative groups were analyzed using violin
and box plots. Non-parametric univariate Wilcoxon rank-
sum tests evaluated the discriminatory power of radiomic
features, with Bonferroni—-Holm adjustment for multiple
comparisons.

Model performance was compared with Node-RADS
using the McNemar test for paired sensitivity, specificity,
and accuracy, and Cohen k for agreement. Metrics were
presented with 95% confidence intervals. External vali-
dation results were included to confirm the robustness
and generalizability of the machine learning model.

A p-value < 0.05 was considered statistically significant.

Results

Datasets

From a database of 3,500 women who underwent MP-
MRI examination between January 2020 and September
2024, 1,623 breast cancer patients were identified. Of
these, 158 met the inclusion criteria. Subsequently, 19
cases were excluded due to incomplete MRI, 31 for lacked

adequately documented LN dissection, and 15 cases were
omitted due to missing data. Consequently, 93 female
breast cancer patients were deemed eligible for this study,
with a median age of 56 years (range 30-89) (Fig. 4).

Among these patients, 18 (19%) underwent mas-
tectomy, whereas 75 (81%) had a quadrantectomy. His-
topathological evaluation of the surgical specimens
revealed the following distribution: 3 patients were diag-
nosed with high-risk ductal carcinoma in situ, 38 with
luminal A carcinoma, 19 with invasive luminal B Human
Epidermal Growth Factor Receptor 2-negative carcinoma,
12 with luminal B Human Epidermal Growth Factor
Receptor 2-positive, 13 with invasive Human Epidermal
Growth Factor Receptor 2-enriched, and 8 with triple-
negative breast cancer (Table 2).

These 93 MRI datasets were collected, each containing a
single volume of interest corresponding to a unique
subject. Of these, 40 datasets (43%) were classified as
positive for LN involvement based on histopathological
confirmation, while 53 datasets (57%) were classified as
negative. These datasets were used for the training, vali-
dation, and testing of five machine-learning models for
binary classification. Moreover, we also collected 18
samples, to form an external testing set to test the best
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1465
patients did not fit the inclusion criteria:
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2nd center: external validation

2100 Women
Underwent CE-MRI examination
between January 2020 and
September 2024

1521
patients were not
affected by cancer

579
BC patients

18
BC patients
were eligible

561
patients did not fit the inclusion criteria:

310 received neoadjuvant therapy;
151 were ductal carcinoma in situ*;
50 were cT1 tumor with negative sentinel node;
4 patients refuse surgery;
46 patients were followed in other hospitals.

Fig. 4 Flowchart of participants: on the left, the first center, on the right, the second center. "High-risk ductal carcinoma in situ (G3, high Ki67) was

included in the study

Table 2 Patients’ characteristics

Variables Center 1 (n=93) Center 2 (n=18)
Age (years)” 56 (30-89) 48 (37-81)
Sex

Female 93 (100.0) 18 (100.0)
Ethnicity

Caucasian 93 (100.0) 18 (100.0)
Histologic subtypes

Ductal carcinoma in situ 3(3.2) 2(11.1)

Luminal A 38 (40.9) 5(27.8)

Luminal B HER2-negative 19 (204) 4 (22.2)

Luminal B HER2-positive 12 (12.9) 3(16.7)

HER2-positive 13 (14.0) 2011

Triple negative 8 (8.6) 2(11.1)
Surgery

Mastectomy 18 (194) 3(167)

Quadrantectomy 75 (80.7) 15 (83.3)

Data are numbers of participants, with percentages in parentheses, except for
age, which is given as mean and range (minimum—maximum)
HER2 Human epidermal growth factor receptor 2

model obtained, composed of 9 samples (50%) belonging
to the positive class and 9 samples (50%) belonging to the
negative class.

The selection process and demographic characteristics
of the patients enrolled for external testing are detailed in
Fig. 4 and summarized in Table 2.

Radiomics-based machine-learning modeling
From each segmented volume of interest, 3,380 IBSI-
compliant radiomic features were extracted using the

TRACE4Research™ platform. Following feature selection,
17 features were retained for model development. These
features, which also resulted in stable (ICC >0.75), were
used in nested 3-fold cross-validation to train, validate,
and test five machine-learning classifiers for the binary
task of identifying positive versus negative LN involve-
ment cases. Performance metrics of the best performing
model, including AUROC, accuracy, sensitivity, specifi-
city, positive predictive value (PPV), and negative pre-
dictive value (NPV), are summarized in Table 3. Figure 5
illustrates the corresponding AUROC:s: logistic regression
emerged as the best-performing classifier, achieving an
AUROC of 81% (95% confidence interval 78-85%),
accuracy of 75% (70-79%), sensitivity of 52% (41-62%),
specificity of 92% (86—-98%), PPV of 85% (76—95%), and
NPV of 72% (68-76%); it was therefore tested on the
external testing set (9 samples, 50% belonging to positive
class and 9 samples, 50%, belonging to negative class),
with performances reported in Table 4.

Statistical analysis of radiomic features

The 17 selected radiomic features and their correspond-
ing IBSI feature families are detailed in Supplementary
material (Table S1). These predictors were ranked by
statistical significance, with median values, 95% con-
fidence intervals, and results from univariate Wilcoxon
rank-sum tests provided. Adjusted p-values for sig-
nificance are also reported. Violin and box plots of these
features are shown in the Supplementary material
(Fig. S1), illustrating the distribution of radiomic pre-
dictors across the two classes.
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Table 3 Performance metrics for the best-performing machine learning model

Model of three ensembles of logistic regression classifiers  Training Validation Internal testing Internal testing (44% threshold)
AUROC 80 (76—85) 76 (71-81) 81 (78—85) 81
Accuracy 74 (71=77) 69 (66—73) 75 (70-79) 74
Sensitivity 51 (41—-60) 43 (33—-52) 52 (41-62) 80
Specificity 92 (89—95) 90 (86—94) 92 (86—98) 70
PPV 84 (80—89) 78 (71—85) 85 (76—95) 67
NPV 73 (69—76) 69 (66—72) 72 (68—76) 82

Data are percentages and 95% confidence intervals in parentheses
AUROC Area under the receiver operating characteristic curve, NPV Negative predictive value, PPV Positive predictive value

b : ; y — Table 5 Results of the McNemar test comparing the
0.9 . ] performance of the radiomics-based logistic regression model to
the Node-RADS
0.8 |
0.7 = 1 Metric Radiomic-based logistic Node-RADS
p | .
| regression model
& 06 ’
=
g 05 Ratio Point 95% Cl Ratio Point 95% Cl
(-9
w 0.4 ‘ estimate estimate
=
0.3 il Sensitivity 8/9 89 52-100 6/9 68 30-92
0.2 Specificity  9/9 100 66-100 8/9 89 52-99
0.1 F . Accuracy 17/18 94 73-100 14/18 78 52-94
0" s . . + Data are percentages and 95% confidence interval
0 0.2 0.4 0.6 0.8 1
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Fig. 5 Receiver operating characteristic (ROC) curves for the best-performing Comparison with NOde-RAPS L
ensemble of models, obtained from intemal testing using aggregated The performance comparison between the radiomics-

predictions. The figure illustrates three ensembles of logistic regression based logistic regression model and the Node-RADS
classifiers. Each ensemble was trained within a nested k-fold cross-validation scoring system (positivity threshold >2) was conducted
framework, in which different random splits of the data were used for training, using the cases included in the external validation dataset

validation, and internal testing. The curves represent the overall aggregated Lo . . . .
performance of each ensemble rather than that of individual models. The No Slgnlﬁcant differences were observed in dlagnostlc

colors (red, blue, and yellow) correspond to the three ensembles; however, accuracy (p = 0.083), sensitivity (p = 0.157), or specificity
they do not represent fixed datasets, as each ensemble was trained on a (p=0.317). Cohen's k coefficient was 0.47, indicating
distinct random partitioning of the data moderate agreement between the two approaches. The

radiomics model demonstrated enhanced specificity
(100% versus 89%) compared to Node-RADS (Table 5).
Table 4 Classification performance of the model of three
ensembles of logistic regression classifiers for the external testing  Discussion
set This proof-of-concept study suggests that radiomics-
based machine-learning models using breast MRI data
may offer comparable diagnostic performance to the

External testing (44% threshold)

AUROC (%) 94 (89-99)  Node-RADS system in a relatively small cohort of
Accuracy (%) 94 (73-100)  patients. The logistic regression model, which achieved
Sensitivity (%) 89 (52-100)  the highest AUROC (81%), showed high specificity (92%)
Specificity (%) 00 66-100) and PPV (85%), positioning it as a promising noninvasive
PPV (%) 100 (63-100)  decision-support tool. While its moderate sensitivity
NPV (%) 00 (56-100)  (52%) limits the detection of all positive cases, the model’s

, , high specificity is particularly valuable in borderline
Data are percentages and 95% confidence intervals in parentheses

AUROC Area under the receiver operating characteristic curve, NPV Negative ~ patients, reducing unnecessary surgical interventions and
predictive value, PPV Positive predictive value guiding more accurate diagnostic evaluations. The
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comprehensive radiomic feature analysis supports its
utility in capturing subtle imaging biomarkers associated
with LN involvement.

While the radiomics-based logistic regression model
demonstrates high specificity and PPV, its overall accu-
racy and sensitivity were not significantly different from
those achieved with the Node-RADS scoring system, a
straightforward method. Compared to Node-RADS,
radiomics involves additional complexities, such as man-
ual segmentation, the need for computational resources,
and specialized technical expertise, which currently limit
its widespread adoption. In the small cohort of the
external validation, Node-RADS demonstrated compar-
able diagnostic performance, maintaining moderate
agreement with the radiomics-based model (Cohen
K = 0.47).

Although radiomics does not yet provide a definitive
advantage in standard breast cancer management, it holds
potential as a complementary tool in specific contexts,
such as cases with limited operator expertise or resource
constraints for implementing Node-RADS. Radiomics
also offers opportunities to identify imaging biomarkers
that reflect tumor biology, a promising avenue for future
applications in risk stratification and treatment
monitoring.

The integration of radiomics-based machine learning
models for predicting axillary LN involvement in breast
cancer aligns well with advancements in imaging-driven
diagnostics across oncology [6]. Similar studies have
explored various imaging modalities, such as positron
emission tomography/computed tomography [17], ultra-
sound [18], and MRI [5, 8], emphasizing their potential
for accurate, noninvasive LN involvement assessment. For
instance, positron emission tomography/computed
tomography-based radiomic models achieved AUROC
values up to 88% while showing strengths in sensitivity
[17]. Ultrasound, combined with radiomics, has demon-
strated its capability to predict sentinel LN metastasis,
particularly in clinically node-negative patients [18].

In the context of breast MRI, prior research integrating
radiomics and deep learning achieved AUROC values
ranging from 80% to 88%, reinforcing the potential of MRI
as a valuable modality for axillary assessment [8]. Fur-
thermore, the introduction of Node-RADS has provided a
standardized scoring system for MRI-based LN evalua-
tion, showing moderate-to-high diagnostic accuracy and
excellent inter-reader agreement (Cohen k= 0.72-0.83)
[4, 5]. This study’s findings, particularly the high specifi-
city and PPV of the radiomics-based logistic regression
model, are consistent with these outcomes, confirming
the utility of MRI radiomics as a complementary tool.
Notably, this study emphasizes the robustness of the
TRACE4Research™ platform, which adheres to IBSI-
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compliant workflows for radiomic feature extraction
[14]. In addition to its diagnostic potential, the use of
radiomics offers a pathway for exploring imaging bio-
markers that may correlate with treatment response or
prognosis [6, 19]. The ability to quantitatively assess LN
characteristics noninvasively may provide insights into
tumor biology, aiding in longitudinal monitoring and
therapy optimization [19, 20].

The retrospective design and modest sample size (93
cases) provide a strong foundation for proof-of-concept
validation, though larger, diverse cohorts are needed to
enhance generalizability. While the logistic regression
model’s sensitivity is moderate, integration with clinical or
molecular data could improve performance. Manual
segmentation, usually performed in similar studies,
introduces some variability, which future automation
could address to enhance reproducibility and streamline
workflows [6, 21].

The clinical implications of this study are relevant. By
demonstrating comparable performance to the Node-
RADS scoring system, the radiomics-based machine-
learning model offers a reproducible, noninvasive alter-
native for LN involvement assessment. High specificity
(92%) and PPV (85%) suggest that this approach could
effectively reduce false-positive diagnoses, minimizing
unnecessary invasive procedures such as sentinel LN
biopsy [2, 9] or axillary LN dissection [3, 9].

In fact, axillary de-escalation surgery is becoming a key
strategy in breast cancer management to reduce surgical
morbidity while ensuring oncological safety. The transi-
tion from routine axillary LN dissection to less invasive
approaches, such as sentinel LN biopsy or omission of
axillary surgery in selected cases, depends on accurate
preoperative LN assessment. The proposed radiomics-
based model could aid in patient selection, improving
specificity and PPV.

However, the model’s moderate sensitivity (52%) indi-
cates that it cannot replace surgical staging and should be
used as a complementary tool rather than a standalone
method for LN assessment. Its integration with estab-
lished imaging-based classification systems, such as Node-
RADS, may enhance preoperative risk stratification and
improve decision-making in borderline cases. Moreover,
the integration of radiomics into clinical workflows aligns
with the broader goal of precision medicine [6], allowing
for tailored treatment strategies based on individual risk
profiles [22]. For example, patients with a high probability
of LN involvement could proceed directly to appropriate
systemic therapy or surgical planning, while those with a
low probability might avoid unnecessary interventions.

One relevant limitation of this proof-of-concept study is
related to the very small sample size for the external validation
(only 18 patients), limiting the robustness/generalizability of
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the findings and the statistical power for comparisons. In
addition, the use of a single expert reader for Node-RADS
scoring may further reduce generalizability. However, the
encouraging performance observed for the radiomics-based
approach (AUROC 94%) suggests potential utility for these
models in non-invasive LN assessment, warranting further
validation in larger, prospective multi-center studies to miti-
gate possible selection bias or overfitting effects.

The study’s findings suggest several directions for future
research. Refining feature selection or integrating multi-
modal data, such as radiomic features from other imaging
modalities, clinical factors, and molecular biomarkers,
could improve predictive performance [8, 19]. Advanced
machine learning methods, including ensemble techni-
ques and deep learning frameworks like convolutional
neural networks or vision transformers, may also enhance
accuracy [17, 23, 24]. Developing fully automated work-
flows for segmentation and feature extraction would
reduce inter-observer variability and improve practicality
in clinical settings. Finally, large-scale, multicenter vali-
dation studies are needed to standardize protocols and
ensure reproducibility. Exploring the prognostic potential
of radiomic biomarkers could further support decisions
on neoadjuvant therapies and long-term follow-up
(19, 22, 24].

In conclusion, this study explored the role of radiomics-
based machine-learning models as decision-support tools
in breast cancer management. In this proof-of-concept
study, a radiomics-based machine-learning model showed
an interesting diagnostic performance (AUROC 94%)
with accuracy comparable to Node-RADS. However, its
current complexity—including manual segmentation,
feature extraction, and model implementation—limits its
applicability in routine clinical practice. It may offer
complementary diagnostic value in selected scenarios,
such as borderline cases or settings with limited radi-
ological expertise. Further validation in larger prospective
studies is warranted [25].

Abbreviations

AUROC Area under the receiver operating characteristic curve
IBSI Image biomarker standardization initiative

ICC Intraclass correlation coefficient

LN Lymph node

MRI Magnetic resonance imaging

NPV Negative predictive value

PPV Positive predictive value

Supplementary information
The online version contains supplementary material available at https://doi.
0rg/10.1186/541747-025-00660-4.

Additional file 1: Table S1. Ensemble of logistic regression classifiers. Fig.
S1. Violin and box plots of the I-XVII radiomic predictors. Violin and box
plots of “positive” and “negative” classes are reported in red and green,
respectively.

Page 10 of 11

Acknowledgements
We confirm that no large language models (LLMs), such as ChatGPT, Bard, or
other generative Al software, were used in the writing of this manuscript.

Author contributions

RM and FP analyzed and interpreted the patient data and were the major
contributors in writing the manuscript. VR analyzed and interpreted the patient
data. All authors contributed to writing the manuscript. All authors read and
approved the Final manuscript.

Funding
The authors state that this work has not received any funding.

Data availability

The datasets generated and analyzed during the current study are not publicly
available due to institutional restrictions and patient confidentiality policies.
However, de-identified data and radiomic feature sets may be shared upon
reasonable request to the corresponding author, subject to institutional
approval. The code used for radiomic feature extraction and modeling is
available upon request for reproducibility purposes.

Declarations

Ethics approval and consent to participate

This two-center retrospective study was conducted according to Good Clinical
Practice guidelines. In accordance with the guidelines stipulated by the two
Institutional Review Boards (Ethics Committee of Sapienza Universita di Roma
—Policlinico Umberto | and Ethics Committee of the University of Bari), ethical
approval was deemed unnecessary for the conduct of this study.

Consent for publication
All patient data were handled in compliance with applicable data protection
regulations and institutional review board standards.

Competing interests

MM is a member of the Scientific Editorial Board of European Radiology
Experimental (section: Breast) and, as such, did not participate in the selection
or review processes for this article. The remaining authors of this manuscript
declare no relationships with any companies, whose products or services may
be related to the subject matter of the article.

Author details

'Department of Radiological, Oncological and Pathological Sciences, Sapienza
—University of Rome, Rome, Italy. “Department of Experimental Medicine,
Sapienza—University of Rome, Rome, Italy. ®Interdisciplinary Department of
Medicine (DIM), Section of Radiology and Radiation Oncology, University of
Bari, Bari, Italy.

Received: 19 March 2025 Accepted: 5 November 2025
Published online: 02 December 2025

References

1. Marino MA, Avendano D, Zapata P, Ried! CC, Pinker K (2020) LN imaging
in patients with primary breast cancer: concurrent diagnostic tools.
Oncologist  25:¢231-e242. https;//doi.org/10.1634/theoncologist.2019-
0427

2. Magnoni F, Galimberti V, Paganelli G et al (2020) Axillary surgery in breast
cancer: an updated historical perspective. Semin Oncol 47:194-200.
https://doi.org/10.1016/j.seminoncol.2020.03.006

3. Bami S, Venturini M, Molino A et al (2011) Importance of adherence to
guidelines in breast cancer clinical practice: the Italian experience (AIOM).
Tumori 97:559-563. https://doi.org/10.1177/030089161109700503

4. Elsholtz FHJ, Asbach P, Haas M et al (2021) Introducing the node
reporting and data system 1.0 (Node-RADS): a concept for standardized
assessment of LNs in cancer. Eur Radiol 31:6116-6124. https.//doi.org/10.
1007/500330-020-07572-4


https://doi.org/10.1186/s41747-025-00660-4
https://doi.org/10.1186/s41747-025-00660-4
https://doi.org/10.1634/theoncologist.2019-0427
https://doi.org/10.1634/theoncologist.2019-0427
https://doi.org/10.1016/j.seminoncol.2020.03.006
https://doi.org/10.1177/030089161109700503
https://doi.org/10.1007/s00330-020-07572-4
https://doi.org/10.1007/s00330-020-07572-4

Maroncelli et al. European Radiology Experimental (2025)9:117

Pediconi F, Maroncelli R, Belli P et al (2024) Performance of MRI for
standardized LNs assessment in breast cancer: Are we ready for Node-
RADS?. Eur Radiol 34:4021-4032. https://doi.org/10.1007/s00330-023-
09834-9

Liu'Y, Guo Y, Xu Y et al (2020) Radiomics as predictive biomarkers for
cancer outcomes. Nat Rev Clin Oncol 17:541-554. https://doi.org/10.
1038/s41571-020-0400-1

Chung HL, Le-Petross HT, Leung JWT (2021) Imaging updates to breast
cancer LN management. Radiographics 41:1283-1299. https://doi.org/10.
1148/rg.2021210053

Chen Y, Wang L, Zhang J et al (2023) Deep learning radiomics of pre-
operative breast MRI for prediction of axillary LN metastasis. J Digit
Imaging 36:1323-1331. https://doi.org/10.1007/510278-023-00757-6
Veronesi P, Intra M, Vento AR et al (2022) Advances in axillary lymph-node
imaging in breast cancer. Ann Surg Oncol 29:2045-2054. https.//doi.org/
10.1245/510434-021-11095-4

Jiang Y, Wang H, Wu J et al (2021) Radiomics-based deep learning
models for non-invasive cancer diagnosis. J Clin Oncol 39:1234-1243.
https://doi.org/10.1200/JC0O.20.01590

Kocak B, Baessler B, Bakas S et al (2023) The checklist for evaluation of
radiomics research (CLEAR): a detailed reporting guideline for authors
and reviewers, endorsed by the European Society of Radiology (ESR) and
the European Society of Medical Imaging Informatics (EuSoMIl). Insights
Imaging 14:75 https://doi.org/10.1186/513244-023-01415-8

Kocak B, Borgheresi A, Ponsiglione A et al (2024) Explanation and ela-
boration with examples for CLEAR (CLEAR-E3): an EuSoMIl Radiomics
Auditing Group initiative. Eur Radiol Exp 872. https://doi.org/10.1186/
s41747-024-00471-z

Coates AS, Winer EP, Goldhirsch A et al (2015) Tailoring therapies—
improving the management of early breast cancer: St Gallen International
Expert Consensus on the primary therapy of early breast cancer 2015.
Ann Oncol 26:1533-1546. https://doi.org/10.1093/annonc/mdv221
Zwanenburg A, Vallieres M, Abdalah MA et al (2020) The image biomarker
standardization initiative: standardized quantitative radiomics for high-
throughput image-based phenotyping. Radiology 295:328-338. https://
doi.org/10.1148/radiol.2020191145

DeepTrace Technologies. Available via https://www.deeptracetech.com/.
Accessed 6 Aug 2025

Page 11 of 11

16. de Boer M, van Dijck JAAM, Bult P et al (2010) Breast cancer prognosis
and occult LN metastases, isolated tumor cells, and micrometastases. J
Natl Cancer Inst 102:410-425. https://doi.org/10.1093/jnci/djq008

17. Song BI (2021) A machine learning-based radiomics model for the pre-
diction of axillary lymph-node metastasis in breast cancer. Breast Cancer
28:664-671. https.//doi.org/10.1007/512282-020-01202-z

18. Bove S, Comes MC, Diotaiuti S et al (2022) An ultrasound-based radiomic
approach to predict the nodal status in clinically negative breast cancer
patients. Sci Rep 12:7914-7914. https://doi.org/10.1038/541598-022-
11983-7

19.  Adams J, Simpson M, Patel A et al (2021) Clinical applications of radiomics
in oncology: current state and future directions. Oncotarget 12:567-577.
https://doi.org/10.18632/oncotarget.27891

20. Zhang L, Chen B, Xu T et al (2022) Radiomics standardization for repro-
ducibility and clinical validation. Radiology 303:123-135. https://doi.org/
10.1148/radiol 2021212146

21.  Chiappa V, Bogani G, Lorusso D et al (2020) The adoption of radiomics
and machine learning improves the diagnostic processes of women with
ovarian masses (the AROMA pilot study). J Ultrasound 23:567-575.
https://doi.org/10.1007/540477-020-00467-y

22. Gong T, Wu Q, He X et al (2020) Integration of radiomics and machine
learning for precision oncology. Cancer Res 80:5457-5466. https://doi.
org/10.1158/0008-5472.CAN-20-1657

23. Gao L, Liu W, Chen Y et al (2024) AutoLNMNet: automated network for
estimating lymph-node metastasis in EGC using a pyramid vision trans-
former. Microsc Res Tech 88:315-322. https://doi.org/10.1002/jemt.24191

24.  Chiappa V, Interlenghi M, De laco P et al (2021) Using radiomics and
machine learning with ultrasonography for the differential diagnosis of
myometrial tumors. Gynecol Oncol 161:838-844. https://doi.org/10.1016/
jygyno.2021.02.005

25. Hernandez C, Rios Velazquez E, Parmar C et al (2022) Validation chal-
lenges in machine learning applications for radiomics. J Comput Imaging
22:367-378. https://doi.org/10.1007/510278-022-00548-6

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.1007/s00330-023-09834-9
https://doi.org/10.1007/s00330-023-09834-9
https://doi.org/10.1038/s41571-020-0400-1
https://doi.org/10.1038/s41571-020-0400-1
https://doi.org/10.1148/rg.2021210053
https://doi.org/10.1148/rg.2021210053
https://doi.org/10.1007/s10278-023-00757-6
https://doi.org/10.1245/s10434-021-11095-4
https://doi.org/10.1245/s10434-021-11095-4
https://doi.org/10.1200/JCO.20.01590
https://doi.org/10.1186/s13244-023-01415-8
https://doi.org/10.1186/s41747-024-00471-z
https://doi.org/10.1186/s41747-024-00471-z
https://doi.org/10.1093/annonc/mdv221
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1148/radiol.2020191145
https://www.deeptracetech.com/
https://doi.org/10.1093/jnci/djq008
https://doi.org/10.1007/s12282-020-01202-z
https://doi.org/10.1038/s41598-022-11983-7
https://doi.org/10.1038/s41598-022-11983-7
https://doi.org/10.18632/oncotarget.27891
https://doi.org/10.1148/radiol.2021212146
https://doi.org/10.1148/radiol.2021212146
https://doi.org/10.1007/s40477-020-00467-y
https://doi.org/10.1158/0008-5472.CAN-20-1657
https://doi.org/10.1158/0008-5472.CAN-20-1657
https://doi.org/10.1002/jemt.24191
https://doi.org/10.1016/j.ygyno.2021.02.005
https://doi.org/10.1016/j.ygyno.2021.02.005
https://doi.org/10.1007/s10278-022-00548-6

	Radiomics-based MRI models for predicting breast cancer axillary lymph node involvement in comparison with Node-RADS: a proof-of-concept study
	Background
	Materials and methods
	Study design and patient population
	MRI protocol
	Radiomic analysis
	Node-RADS assessment
	Histopathological analysis
	Statistical analysis

	Results
	Datasets
	Radiomics-based machine-learning modeling
	Statistical analysis of radiomic features
	Comparison with Node-RADS

	Discussion
	Supplementary information
	Acknowledgements




