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Background: Axillary surgical staging is required for patients with upgraded ductal carcinoma in situ (DCIS)
(DCIS is diagnosed on core biopsy with invasive cancer found on pathology after complete surgical excision),
which may lead to complications in axillary surgery. At present, there is no reliable and accurate method for
predicting axillary lymph node metastasis (ALNM) in patients with upgraded DCIS; however, such a method
could prevent unnecessary axillary surgical interventions from being performed. In this study, we aimed
to construct a non-invasive model for predicting ALNM in DCIS patients based on clinicopathological
characteristics, mammography (MG) features, and magnetic resonance imaging (MRI) features.

Methods: Between February 2018 and June 2020, 326 patients with upgraded DCIS were enrolled in this
retrospective analysis. These patients were randomly divided into the training cohort (80%) and validation
cohort (20%). Univariate and multivariable regression analyses were conducted to identify the candidate
pathological features, which then used to develop a clinicopathological model. The features of the 2-mm,
4-mm, and 6-mm intratumoral and peritumoral regions (T-PTR) were extracted to develop the MRI
radiomics model, and two deep learning classification models were developed based on the medial-lateral
oblique (MLO) and craniocaudal (CC) views of the MG. A fusion model was then established that combined
these sub-models. The receiver operating characteristic (ROC) curve, area under the curve (AUC), and other
indicators were used to evaluate the performance of these models.

Results: The clinicopathological characteristics of the two cohorts were basically balanced. The AUC
values of the clinicopathological model were 0.675 and 0.690 in the training and validation cohorts,
respectively. The model based on the T-PTR of MRI showed promising predictive ability. Among the three
MRI models, the T-PTR (4 mm) model showed the best predictivity both in the training (AUC =0.885) and
validation cohorts (AUC =0.843). The AUC values for the deep learning models of the MG CC and MLO
positions all exceeded 0.7, indicating reliable predictive performance. The fusion model that combined the

three methods significantly improved the accuracy and robustness of ALNM prediction. In both the training
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(AUC =0.975) and validation (AUC =0.877) cohorts, the fusion model showed excellent performance.
Conclusions: We developed a fusion model that combined clinicopathological characteristics, MRI T-PTR

(4 mm) radiomics, and MG-based deep learning. Our combined model showed promising performance in

predicting ALNM in patients with upgraded DCIS.
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Introduction

Approximately 30% of newly diagnosed breast cancer (BC)
lesions are classified as ductal carcinoma in situ (DCIS) (1).
A lesion is classified as upgraded DCIS if a non-invasive
component is detected in the preoperative biopsy, but
invasive ductal carcinoma is only found on pathology after
complete surgical excision. Previous studies have reported
that the underestimation risks of DCIS range from 14%
to 43% (2,3), while one meta-analysis estimated the risk
of upgraded DCIS to be 25.9% (4). The patients with
upgraded DCIS may need to undergo a conventional
sentinel lymph node biopsy (SLNB) (5,6). However, such
patients face logistical and emotional challenges related

Highlight box

Key findings

*  We developed a fusion model that combined clinicopathological
characteristics, magnetic resonance imaging (MRI) intratumoral
and peritumoral region (4 mm) radiomics, and mammography
(MG)-based deep learning that showed promising performance in
predicting axillary lymph node metastasis (ALNM) in patients with
upgraded ductal carcinoma in situ (DCIS).

What is known, and what is new?

* Previous studies have exclusively utilized single-method approaches
(e.g., MG or MRI alone) to predict ALNM in breast cancer.

® This study introduces an innovative combined model integrating
MG deep learning features, MRI radiomics, and clinicopathological
characteristics. By leveraging multi-modal data fusion, the model
achieves superior predictive efficacy for ALNM compared to

conventional single-method strategies.

What is the implication, and what should change now?
* This non-invasive model showed good efficacy in predicting
ALNM in patients with upgraded DCIS, and it can be used to

avoid unnecessary axillary surgical intervention.
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to the need for additional axillary surgery and possible
complications related to axillary surgery, such as pain,
numbness, and arm swelling.

The overtreatment (unnecessary axillary surgery,
including SLNB) could be avoided by predicting the
likelihood of axillary lymph node metastasis (ALNM) in
patients with upgraded DCIS pre-surgery. Many researchers
have attempted to identify different factors or biomarkers to
predict upgraded DCIS; for example, immunohistochemical
biomarkers and imaging examination findings have been
reported to be related to the prognosis of DCIS patients
(4,7-12). However, these factors cannot serve as clear and
reliable predictive factors for clinical decision making.

Recently, with the gradual integration of artificial
intelligence, radiomics has been attracting increasing
attention from researchers (13). At present, radiomics
methods are able to transform images into exploitable data
using large-scale medical image features to fulfil specific
clinical requirements. For DCIS, radiomics methods based
on ultrasound (US), mammography (MG), and magnetic
resonance imaging (MRI) (14-18) have been applied in
predicting ALNM. MRI and MG have advantages in
predicting ALNM because of their relative objectivity
and the low cost. MG is a common method used in the
detection and diagnosis of BC. MG has good sensitivity in
detecting calcification in MG images, while MRI has good
specificity and sensitivity in detecting tumor lesions (19).
Radiomics models based on MG and MRI can detect
ALNM effectively (20-26). Previous studies have all
explored a single method. Thus, this study sought to build
a model based on MG deep learning and MRI radiomics
combined with clinicopathological characteristics to predict
ALNM in patients with upgraded DCIS. We present
this article in accordance with the TRIPOD reporting
checklist (available at https://gs.amegroups.com/article/
view/10.21037/gs-2025-89/rc).
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Figure 1 Workflow diagram showing the study’s inclusion and exclusion criteria. DCE-MRI, dynamic contrast enhanced magnetic

resonance imaging; DCIS, ductal carcinoma in situ; IDC, invasive ductal carcinoma; LN, lymph node; ROI, region of interest.

Methods
Patients and data collection

The Ethics Committee of the Guangdong Provincial
People’s Hospital approved this study (No. KY-Q-2022-
452-01; date: December 6, 2022), and the requirement of
informed consent was waived due to the retrospective nature
of this study. The study was conducted in accordance with
the Declaration of Helsinki and its subsequent amendments.
Between February 2018, and June 2020, 326 patients with
complete imaging clinicopathological data were enrolled
in this study. The 326 patients were randomly divided
into two cohorts using an 8:2 randomization method. To
be eligible for inclusion in the study, the patients had to
meet the following inclusion criteria: (I) have undergone
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preoperative contrast-enhanced MRI and MG before
biopsy; (II) have biopsy-proven DCIS and pathologically
diagnosed invasive ductal carcinoma; and (III) have been
treated with breast surgery and have had their axillary
lymph node (ALN) status assessed by SLNB or axillary
lymph node dissection (ALND). Patients were excluded
from the study if they met any of the following exclusion
criteria: (I) had undergone biopsy or chemoradiotherapy
prior to the MRI examination; (I) had poor-quality images;
(III) had incomplete clinicopathological data; and/or (IV)
had not undergone surgical treatment (Figure I).

Univariate and multivariable regression analyses

The association between each feature and lymph node
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metastasis (LNM) was assessed by univariate analysis.
The multivariable logistic regression analysis included the
variables that were found to be statistically significant in the
univariate analysis. The results of the multivariate analysis
were used to identify independent predictors, which were
then used to construct further clinical models. All statistical
analyses (univariate and multivariable regression) were
conducted on the training dataset. The testing dataset was
strictly held out and only used for final validation without
any prior interaction with the model development process.

MRI imaging acquisition

The MRI examinations were performed ona 1.5 T or 3.0 T
MRI scanner (Ingenia, Philips, the Netherlands). For the
analysis, T1-weighted, T2-weighted, dynamic contrast-
enhanced (DCE), and diffusion-weighted images were
acquired before the biopsy.

MG acquisition and preprocessing

Breast tomosynthesis was performed on a full-field digital
MG system (Hologic, Marlborough, MA, USA). The
imaging procedure included standard craniocaudal (CC)
and medio-lateral oblique (MLO) views. The images
were acquired using low-dose X-rays; the typical radiation
dose ranged from 1 to 2 mGy. For the image analysis,
calcifications, masses, and other lesions were carefully
assessed and classified using the Breast Imaging-Reporting
and Data System (BI-RADS). The radiologists extracted the
region of interest (ROI) by manual freehand declination,
using Labelme software (version 4.5.9, https://labelm.cony/)
in the CC and MLO views. The ROI included suspected

calcification, mass, and other lesions (Figure 2).

Tumor lesion segmentation

MRI

The lesions were segmented in three dimensions using
I'TK-SNAP software (version 3.8, http://www.itksnap.org).
The segmentation was conducted exclusively in the key
enhancement phase of the DCE-sequenced MRI, and no
other sequences were included in the segmentation process.
Subsequently, peritumoral expansions (2 mm, 4 mm, and
6 mm) were automatically generated by Python software
(version 3.9.0, https://www.python.org/) for further
analysis and feature extraction. For patients with unilateral

© AME Publishing Company.

41

multifocal or multicentric lesions, only the largest tumor
lesion was segmented and analyzed.

MG

In the mammographic images, tumor segmentation was
carried out using the Labelme software (version 4.5.9).
Standard MLO and CC breast images were selected, and the
lesion area was manually labelled in each view. Rectangular
contours were used for the segmentation to ensure the
inclusion of the entire tumor and the surrounding tissue for
subsequent analysis. In cases of multifocal or multicentric
lesions, only the largest tumor lesion was segmented.

The segmentation of the MRI and MG images was
conducted by an experienced radiologist (Y.C.), and
subsequently reviewed by another senior radiologist (W.L.)
to ensure the consistency and accuracy of the annotation.
Two radiologists independently segmented ROIs in 40
randomly selected cases (12% of the dataset). Intraclass
correlation coefficients (ICCs) were calculated for shape
and texture features, with ICC >0.75 indicating good
reproducibility. One radiologist repeated ROI segmentation
after a 2-week interval, with ICCs calculated similarly.

Construction of intratumoral and peritumoral radiomics
model using MRI radiomics

The Pyradiomics package of Python software (version 3.8)
was employed to extract the radiomic features from the
intratumoral and peritumoral regions (T-PTR) (2 mm,
4 mm, and 6 mm), enabling the construction of three
models: T-PTR (2 mm), T-PTR (4 mm), and T-PTR
(6 mm), adhering to the Image Biomarker Standardisation
Initiative (IBSI) guidelines. The extracted features included
the shape, texture, and first-order statistical features.
Preprocessing steps involved resampling to 1 mm’ isotropic
resolution, intensity discretization (bin width =25 HU),
and manual segmentation of regions of interest. The
statistically significant features were first identified using
the Mann-Whitney U test (P<0.05), and the Spearman
rank correlation coefficient was then used to select the
features with the highest correlations. Subsequently,
a greedy recursive deletion strategy was employed to
iteratively remove the most redundant features. Finally,
to further optimize the feature subset, the maximum
relevance minimum redundancy algorithm was used to
eliminate any redundant features, and only those highly
correlated with the classification labels were retained for
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Figure 2 The flowchart of this study. This was a retrospective study with patients enrolled from our institution. MG, MRI and baseline data
were collected. A total of 326 patients were randomly divided into the training cohort (80%) and validation cohort (20%). (A) Construction
of the MRI radiomics model. (B) Construction of the MG deep learning model. (C) Construction of the clinical model. We developed a
fusion model that combined clinicopathological characteristics, MRI radiomics, and MG-based deep learning. CC, craniocaudal; DCE-MRI,

dynamic contrast enhanced magnetic resonance imaging; MG, mammography; MLO, medio-lateral oblique; MLP, multi-layer perceptron;

MRI, magnetic resonance imaging.

model construction. T-PTR size selection was performed
exclusively on the training dataset using 5-fold cross-
validation. The 4-mm T-PTR was chosen based on the
highest mean area under the curve (AUC) (0.885+0.03)
across folds. The testing dataset was strictly held out
and only used for final validation of the fusion model.
Hyperparameters for the support vector machine (SVM)
fusion model were optimized via grid search on the training
dataset’s cross-validation folds.

MG deep learning model construction
In our study, we constructed two deep learning classification

© AME Publishing Company.

models based on the MLO and CC views of the breast
mammograms, respectively. The models employed
transfer learning. The DenseNet201 network pre-trained
on the ImageNet (https://image-net.org/) dataset was
used for the image feature extraction and classification,
and fine-tuned to meet the specific requirements of
mammogram classification. The dataset was then divided
and trained using a five-fold cross-validation strategy.
Key hyperparameters included an initial learning rate
of 0.01, a batch size of 32, and 50 training epochs. The
training process used stochastic gradient descent (SGD)
as the optimizer, and ImageNet normalization was applied
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during data preprocessing to enhance the effectiveness of
the transfer learning. The training process used a single
graphics processing unit for computational efficiency.
Cross-entropy loss was selected as the loss function, and
early stopping was implemented to monitor validation set
performance and prevent overfitting. Each image sample
was normalized to meet the input specifications of the
DenseNet201 model. Ultimately, two classification models
based on the MLO and CC MG views were constructed
and optimized to predict the ALN status of the BC patients.
The DenseNet201 models for MLO and CC views were
trained exclusively on the training dataset. A five-fold
cross-validation strategy was applied to the training data
for hyperparameter tuning, with early stopping based on
validation loss from the cross-validation folds. The held-out
validation/testing dataset remained entirely unseen during
training. Data preprocessing parameters were computed
from the training dataset alone. Training used SGD with
learning rate decay, batch size 32, and ImageNet-based
initialization.

Fusion model construction and evaluation

This study integrated the results of multiple sub-models
to construct a fusion model that could more accurately
predict breast lesions. The fusion model combined the
predictive probabilities of three independent sub-models,
including a clinical model, an optimal MRI intratumoral
and peritumoral radiomics model, and a MG (CC + MLO)
deep learning model. To achieve more effective results,
we employed a SVM approach to establish the post-
fusion model. Initially, each of the three sub-models was
independently trained to generate predictive probabilities
for breast lesions. These probabilities were then used as
input features for the SVM model. To address the nonlinear
relationships between predictions from the different sub-
models, the SVM used a radial basis function as its kernel
function. Additionally, the selection of hyperparameters
was optimized through cross-validation and grid search
to ensure robust generalization and superior predictive
performance.

Statistical analysis

R software (version 3.5.0, https://www.r-project.org/) and
Python (version 3.9.0) were used for the statistical analysis
in this study. The continuous variables are expressed as the
mean = standard deviation, or the median (interquartile

© AME Publishing Company.
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range), while the categorical variables are presented as the
frequency and percentage. The Mann-Whitney U test or
the independent 7-test was used to compare the continuous
variables between groups, while the chi-square test or
Fisher’s exact test was used to compare the categorical
variables. A P value <0.05 was considered statistically
significant. The Mann-Whitney U test, Chi-square test, or
Fisher’s exact test was used to assess the association of each
clinical feature with the clinical outcomes in the univariate
analysis. The performance of the predictive models was
evaluated using the receiver operating characteristic
(ROC) curve and the AUC, along with other indicators for

COII]pI‘BhCIlSiVC assessment.

Results
Patient characteristics

The mean age of the 326 patients enrolled in the study was
49.5+10.7 years (range, 28 to 72 years). Of the patients, 69
(21.2%) were diagnosed with pathological ALNM, while
the 297 had pathologically negative axillary nodes (pNO).
The training cohort comprised 260 patients (60 ALNM
patients; range, 31-68 years), and the validation cohort
comprised 66 patients (9 ALNM patients; range, 28—
72 years). Of the 326 patients, 269 (82.5%) underwent
SLNB alone, 18 (5.52%) underwent ALND alone, and 39
(12.0%) underwent SLNB followed by ALND. The results
of our comparison of the MRI, MG, and clinicopathological
characteristics between our training and validation cohorts
are shown in 7able 1. Notably, no statistically significant
differences were observed between the variables in the two
cohorts (Tables 1,2).

Univariate and multivariate analyses of ALN

The univariate analysis showed that the patients with
lower density breast glandular tissue were more likely to
develop LNMs after glandular atrophy (P<0.05) (Table 2).
Moreover, the results of the multivariate analysis revealed
that a younger age was significantly associated with a higher
risk of ALNM in the training cohort (P=0.006). Both
the univariate and multivariate analyses revealed that the
occurrence of LNM was higher in the patients with a mass
on MG, and a higher BI-RADS grade on breast MRI (all
P<0.05). Additionally, the hormone receptor (HR)-positive
[estrogen receptor (ER)] patients had a significantly higher
probability of ALNM (P<0.05). Based on these findings,
age, ER status, mammographic abnormalities, MG mass
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Table 1 Clinical and pathological characteristics of the patients in the training and testing sets

Characteristics All patients (n=326) Testing set (N=66) Training set (n=260) P
Age (years) 49.5+10.7 49.2+11.4 49.6+10.5 0.78
MG abnormalities 0.32
Calcification 88 (27.0) 17 (25.8) 71(27.3)
Mass 58 (17.8) 13 (19.7) 45 (17.3)
Mass and calcification 128 (39.3) 25 (37.9) 103 (39.6)
No abnormalities 33 (10.1) 4 (6.06) 29 (11.2)
Structural distortion asymmetry 19 (5.83) 7 (10.6) 12 (4.62)
Palpable >0.99
No 34 (10.4) 7 (10.6) 27 (10.4)
Yes 292 (89.6) 59 (89.4) 233 (89.6)
MG visible >0.99
No 42 (12.9) 9(13.6) 33(12.7)
Yes 284 (87.1) 57 (86.4) 227 (87.3)
MG density >0.99
0-50% 222 (68.1) 45 (68.2) 177 (68.1)
50-100% 104 (31.9) 21(31.8) 83 (31.9)
MG maximum diameter (cm) 3.05+2.19 2.95+1.94 3.08+2.26 0.65
MG size level 0.38
0 35 (10.7) 4 (6.06) 31(11.9)
1 67 (20.6) 15 (22.7) 52 (20.0)
2 224 (68.7) 47 (71.2) 177 (68.1)
MG BI-RADS 0.40
0 12 (3.68) 4 (6.06) 8 (3.08)
1 1(0.31) 0 (0.00) 1(0.39)
2 12 (3.68) 2(3.03) 10 (3.85)
3 26 (7.98) 2 (3.03) 24 (9.23)
4 154 (47.2) 35 (53.0) 119 (45.8)
5 121 (37.1) 23 (34.8) 98 (37.7)
MG characteristics 0.38
No calcification 115 (35.3) 26 (39.4) 89 (34.2)
Clusters, line, or segment distribution 153 (46.9) 32 (48.5) 121 (46.5)
Density and morphological heterogeneous 58 (17.8) 8(12.1) 50 (19.2)
MG calcification morphology 0.09
No calcification 115 (35.3) 26 (39.4) 89 (34.2)
Segment distribution 151 (46.3) 34 (51.5) 117 (45.0)
Diffusion distribution 60 (18.4) 6 (9.09) 54 (20.8)

Table 1 (continued)
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Characteristics All patients (n=326) Testing set (n=66) Training set (n=260) P
MRI enhancement 0.70
No abnormalities 8 (2.45) 1(1.52) 7 (2.69)
Non-mass enhancement 75 (23.0) 17 (25.8) 58 (22.3)
Mass enhancement 240 (73.6) 47 (71.2) 193 (74.2)
Asymmetric enhancement 3(0.92) 1(1.52) 2(0.77)
MRl visible >0.99
No 8 (2.45) 1(1.52) 7 (2.69)
Yes 318 (97.5) 65 (98.5) 253 (97.3)
MRI maximum diameter (cm) 3.13+1.82 2.91+1.45 3.19+1.90 0.20
MRI BI-RADS 0.85
1 4(1.23) 1(1.52) 3(1.15)
2 1(0.31) 0 (0.00) 1(0.38)
3 11 (3.37) 3 (4.55) 8 (3.08)
4 170 (52.1) 35 (53.0) 135 (51.9)
5 140 (42.9) 27 (40.9) 113 (43.5)
Lesion location >0.99
Left 177 (54.3) 36 (54.5) 141 (54.2)
Right 149 (45.7) 30 (45.5) 119 (45.8)
Biopsy pathology 0.45
Low-grade DCIS 9(2.76) 1(1.52) 8 (3.08)
Mid-grade DCIS 93 (28.5) 15 (22.7) 78 (30.0)
high-grade DCIS 224 (68.7) 50 (75.8) 174 (66.9)
IDC grade 0.55
| 30 (9.20) 8 (12.1) 22 (8.46)
Il 184 (56.4) 38 (57.6) 146 (56.2)
11l 112 (34.4) 20 (30.3) 92 (35.4)
Breast surgery >0.99
Mastectomy 300 (92.0) 61 (92.4) 239 (91.9)
BCS 26 (7.98) 5(7.58) 21(8.08)
Axillary surgery 0.13
SLNB 269 (82.5) 60 (90.9) 209 (80.4)
SLNB + ALND 18 (56.52) 1(1.52) 17 (6.54)
ALND 39 (12.0) 5(7.58) 34 (13.1)
ER 0.41
Negative 107 (32.8) 25 (37.9) 82 (31.5)
Positive 219 (67.2) 41 (62.1) 178 (68.5)

Table 1 (continued)
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Characteristics All patients (n=326) Testing set (n=66) Training set (n=260) P
PR 0.22
Negative 134 (41.1) 32 (48.5) 102 (39.2)
Positive 192 (58.9) 34 (51.5) 158 (60.8)
HER2 0.84
Negative 169 (51.8) 33 (50.0) 136 (52.3)
Positive 157 (48.2) 33 (50.0) 124 (47.7)
Ki67 (%) 27+20 27+21 27+20 0.92
pT 0.93
1 147 (45.1) 31 (47.0) 116 (44.6)
2 169 (51.8) 33 (50.0) 136 (52.3)
3 10 (3.07) 2(3.03) 8 (3.08)

The continuous variables are presented as mean + standard deviation and the categorical variables are presented as the frequency
and percentage. ALND, axillary lymph node dissection; BCS, breast conserving surgery; BI-RADS, Breast Imaging-Reporting and Data
System; DCIS, ductal carcinoma in situ; ER, estrogen receptor; HER2, human epidermal growth factor receptor 2; IDC, infiltrating ductal
carcinoma; MG, mammography; MRI, magnetic resonance imaging; PR, progesterone receptor; SLNB, sentinel lymph node biopsy.

size, and MRI BI-RADS classification were identified as
independent predictors of LNM and were incorporated into
the construction of the clinical model (Figure I).

Model performance evaluation

Clinical model

The results indicated that the clinical model had stable
predictive ability in both the training (AUC =0.675) and
validation (AUC =0.690) cohorts (1able 3, Figure 3), and

thus could serve as the baseline control model.

Intratumoral and peritumoral radiomics model based
on MRI

The radiomics model based on T-PTR of MRI showed
strong predictive performance. In the training cohort,
the AUC values for the different expansion areas were
as follows: T-PTR (2 mm) model: 0.888; T-PTR (4 mm)
model: 0.885, and T-PTR (6 mm) model: 0.891. All the
AUCs indicated that the models had high predictive
accuracy. Correspondingly, in the validation set, the
AUC values were 0.588, 0.843, and 0.709, respectively.
Notably, the T-PTR (4 mm) model exhibited the best
efficacy in the validation cohort, demonstrating superior
generalization ability. Therefore, the T-PTR (4 mm)
model was selected for the further construction of the

© AME Publishing Company.

subsequent model (7able 3, Figure 3).

MG deep learning model

In the training set, the AUC values were 0.784 and 0.896
for the deep learning models of the MG CC and MLO
views, respectively. In the testing set, the performance of
this model was reliable, with the MLO position (AUC
=0.790) performing slightly better than the CC position
(AUC =0.737) (Table 3, Figure 3). These results showed the
potential of molybdenum target images in predicting LNM.

Fusion model

Using the SVM for the post-fusion of various sub-models,
the fusion model had an AUC value of 0.975 in the training
set, and an AUC value of 0.877 in the validation set,
both of which were significantly better than those of the
sub-models. This indicated that the fusion model could
effectively integrate multi-source information, significantly
enhancing the accuracy and robustness of breast lesion
prediction (Table 3, Figure 3).

Discussion

In this study, we conducted a multivariate analysis and
integrated the clinicopathological characteristics with MRI
radiomics and MG deep learning technologies to construct
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Table 2 Clinicopathologic characteristics and breast tumor descriptors based on MRI and MG of all patients in non-mALN and mALN groups from the two datasets

Training set Testing set
ftems All (n=260) Non-mALN (n=200) mALN (n=60) Univariate P Multivariate P All (n=66) Non-mALN (n=57) mALN (n=9) P
Age (years) 49.59+10.49 50.11+£10.70 47.85+9.65 0.27 0.006 49.15+£11.43 50.49+11.24 40.67+9.18 0.02
MG maximum diameter (cm) 3.08+2.26 2.90+2.14 3.66+2.54 0.10 0.02 2.95+1.94 2.99+2.04 2.69+1.18 0.74
MRI maximum diameter (cm) 3.19+1.90 3.20+1.86 3.16+2.05 0.47 0.08 2.91+1.45 2.89+1.51 2.99+1.11 0.63
Ki67 (%) 26.78+20.09 26.43+20.22 27.93+19.80 0.56 0.19 26.47+21.29 25.21+£22.13 34.44+13.10 0.041
MG abnormalities 0.001 0.01 0.72
Calcification 71 (27.31) 44 (22.00) 27 (45.00) 17 (25.76) 15 (26.32) 2 (22.22)
Mass 45 (17.31) 35 (17.50) 10 (16.67) 13 (19.70) 11 (19.30) 2(22.22)
Mass and calcification 103 (39.62) 85 (42.50) 18 (30.00) 25 (37.88) 22 (38.60) 3 (33.33)
No abnormalities 29 (11.15) 28 (14.00) 1(1.67) 4 (6.06) 4 (7.02) 0
Structural distortion asymmetry 12 (4.62) 8 (4.00) 4 (6.67) 7 (10.61) 5(8.77) 2 (22.22)
Palpable 0.40 0.67 >0.99
No 27 (10.38) 23 (11.50) 4 (6.67) 7 (10.61) 6 (10.53) 1(11.11)
Yes 233 (89.62) 177 (88.50) 56 (93.33) 59 (89.39) 51 (89.47) 8 (88.89)
MG visible 0.07 0.44 >0.99
No 33 (12.69) 30 (15.00) 3 (5.00) 9(13.64) 8 (14.04) 1(11.11)
Yes 227 (87.31) 170 (85.00) 57 (95.00) 57 (86.36) 49 (85.96) 8 (88.89)
MG density 0.045 0.53 0.62
0-50% 177 (68.08) 143 (71.50) 34 (56.67) 45 (68.18) 40 (70.18) 5 (65.56)
50-100% 83 (31.92) 57 (28.50) 26 (43.33) 21(31.82) 17 (29.82) 4 (44.44)
MG BI-RADS 0.78 0.96 0.23
0 8 (3.08) 7 (3.50) 1(1.67) 4 (6.06) 4 (7.02) 0
1 1(0.38) 1(0.50) 0 0 (0.00) 0 0
2 10 (3.85) 9 (4.50) 1(1.67) 2 (3.03) 1(1.75) 1(11.11)
3 24 (9.23) 19 (9.50) 5(8.33) 2 (3.03) 1(1.75) 1(11.11)
4 119 (45.77) 92 (46.00) 27 (45.00) 35 (53.03) 30 (52.63) 5 (55.56)
5 98 (37.69) 72 (36.00) 26 (43.33) 23 (34.85) 21 (36.84) 2(22.22)
MG calcification distribution 0.10 0.35 0.55
No calcification 89 (34.23) 73 (36.50) 16 (26.67) 26 (39.39) 21 (36.84) 5 (55.56)
Clusters, line, or segment distribution 121 (46.54) 94 (47.00) 27 (45.00) 32 (48.48) 29 (50.88) 3(33.33)
Density and morphological heterogeneous 50 (19.23) 33 (16.50) 17 (28.33) 8(12.12) 7 (12.28) 1(11.11)
MG calcification morphology 0.27 0.47 0.50
No calcification 89 (34.23) 73 (36.50) 16 (26.67) 26 (39.39) 21 (36.84) 5 (55.56)
Segment distribution 117 (45.00) 89 (44.50) 28 (46.67) 34 (51.52) 31 (54.39) 3 (33.33)
Diffusion distribution 54 (20.77) 38 (19.00) 16 (26.67) 6 (9.09) 5(8.77) 1(11.11)
MRI enhancement 0.61 0.52 0.90
No abnormalities 7 (2.69) 6 (3.00) 1(1.67) 1(1.52) 1(1.75) 0
Non-mass enhancement 58 (22.31) 47 (23.50) 11 (18.33) 17 (25.76) 14 (24.56) 3 (33.33)

Table 2 (continued)

© AME Publishing Company.
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Table 2 (continued)

Training set Testing set

ftems All (n=260) Non-mALN (n=200) mALN (n=60) Univariate P Multivariate P All (n=66) Non-mALN (n=57) mALN (n=9) P
Mass enhancement 193 (74.23) 145 (72.50) 48 (80.00) 47 (71.21) 41 (71.93) 6 (66.67)
Asymmetric enhancement 2(0.77) 2 (1.00) 0 1(1.52) 1(1.75) 0

MRI visible 0.92 0.67 >0.99
No 7 (2.69) 6 (3.00) 1(1.67) 1(1.52) 1(1.75) 0
Yes 253 (97.31) 194 (97.00) 59 (98.33) 65 (98.48) 56 (98.25) 9 (100.00)

MRI BI-RADS 0.03 0.02 0.77
1 3(1.15) 3(1.50) 0 1(1.52) 1(1.75) 0
2 1(0.38) 1(0.50) 0 0 (0.00) 0 0
3 8 (3.08) 7 (3.50) 1(1.67) 3 (4.55) 3 (5.26) 0
4 135 (51.92) 113 (56.50) 22 (36.67) 35 (53.03) 29 (50.88) 6 (66.67)
5 113 (43.46) 76 (38.00) 37 (61.67) 27 (40.91) 24 (42.11) 3(33.33)

Lesion location 0.07 0.42 0.77
Left 141 (54.23) 115 (57.50) 26 (43.33) 36 (54.55) 32 (56.14) 4 (44.44)
Right 119 (45.77) 85 (42.50) 34 (56.67) 30 (45.45) 25 (43.86) 5 (55.56)

Biopsy pathology 0.46 0.24 0.92
Low-grade DCIS 8 (3.08) 5 (2.50) 3 (5.00) 1(1.52) 1(1.75) 0
Mid-grade DCIS 78 (30.00) 58 (29.00) 20 (33.33) 15 (22.73) 13 (22.81) 2 (22.22)
High-grade DCIS 174 (66.92) 137 (68.50) 37 (61.67) 50 (75.76) 43 (75.44) 7(77.78)

IDC grade 0.74 0.85 0.83
I 22 (8.46) 18 (9.00) 4 (6.67) 8(12.12) 7 (12.28) 1(11.11)
I 146 (56.15) 110 (55.00) 36 (60.00) 38 (57.58) 32 (56.14) 6 (66.67)
M 92 (35.38) 72 (36.00) 20 (33.33) 20 (30.30) 18 (31.58) 2 (22.22)

ER <0.001 0.04 0.50
Negative 82 (31.54) 74 (37.00) 8 (13.33) 25 (37.88) 23 (40.35) 2 (22.22)
Positive 178 (68.46) 126 (63.00) 52 (86.67) 41 (62.12) 34 (59.65) 7 (77.78)

PR 0.03 0.31 0.18
Negative 102 (39.23) 86 (43.00) 16 (26.67) 32 (48.48) 30 (52.63) 2 (22.22)
Positive 158 (60.77) 114 (57.00) 44 (73.33) 34 (51.52) 27 (47.37) 7(77.78)

HER2 0.07 0.07 >0.99
Negative 136 (52.31) 98 (49.00) 38 (63.33) 33 (50.00) 29 (50.88) 4 (44.44)
Positive 124 (47.69) 102 (51.00) 22 (36.67) 33 (50.00) 28 (49.12) 5 (55.56)

pT 0.16 0.64 0.52
1 116 (44.62) 92 (46.00) 24 (40.00) 31 (46.97) 28 (49.12) 3(33.33)
2 136 (52.31) 100 (50.00) 36 (60.00) 33 (50.00) 27 (47.37) 6 (66.67)
3 8 (3.08) 8 (4.00) 0 2 (3.03) 2 (3.51) 0

The continuous variables are presented as mean + standard deviation and the categorical variables are presented as the frequency and percentage. BI-RADS, Breast Imaging-Reporting and Data System; DCIS, ductal carcinoma in situ; ER, estrogen receptor; HER2, human epidermal growth factor receptor 2;
IDC, infiltrating ductal carcinoma; mALN, metastatic axillary lymph node; MG, mammography; MRI, magnetic resonance imaging; PR, progesterone receptor.
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Table 3 Performance comparison of different models
Training set Testing set
Models
Accuracy AUC Sensitivity Specificity Accuracy AUC Sensitivity Specificity

Clinic 0.677 0.675 0.583 0.705 0.879 0.690 0.556 0.930
CCDTL 0.658 0.784 0.900 0.585 0.758 0.737 0.667 0.772
MLODTL 0.831 0.896 0.833 0.830 0.697 0.790 0.889 0.667
T-PTR (2 mm) 0.815 0.888 0.817 0.815 0.561 0.588 0.778 0.526
T-PTR (4 mm) 0.819 0.885 0.800 0.825 0.712 0.843 1.000 0.667
T-PTR (6 mm) 0.823 0.891 0.817 0.825 0.788 0.709 0.667 0.807
Fusion 0.935 0.975 0.917 0.940 0.727 0.877 1.000 0.684

AUC, area under the curve; CCDTL, mammography craniocaudal position deep learning model; Clinic, clinical model; MLODTL,

mammography medial-lateral oblique position deep learning model; T-PTR, intratumoral and peritumoral region.

A Training cohort ROC curve
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I 7 MLODTL (AUC =0.896)
- 7 = = T-PTR (4 mm) (AUC =0.885)
! I = Fusion (AUC =0.975)
0.0 -~ T T T T
0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

B Testing cohort ROC curve

Sensitivity
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i = Fusion (AUC =0.877)
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Figure 3 The ROC of the model from (A) the training cohort, (B) the testing cohort. AUC, area under the curve; CCDTL, mammography

craniocaudal position deep learning model; Clinic, clinical model; MLODTL, mammography medial-lateral oblique position deep learning

model; ROC, receiver operating characteristic; T-PTR, intratumoral and peritumoral region.

a prediction model for ALNM in patients with upgraded
DCIS. The results showed that the combined model had
better predictive power than the four sub-models, and
achieved the highest AUC values in both the training (AUC
=0.975) and validation sets (AUC =0.877). Our results
showed that the fusion model effectively integrated multi-
source information, and significantly improved the accuracy
and robustness of ALNM prediction.

A previous study reported that age was also a risk factor
for ALNM (27). Notably, the study reported that the risk
of recurrence was higher in younger patients than older
patients, and also reported a significant correlation between

© AME Publishing Company.

high grade tumors, lymphovascular invasion (LVI), and
ALNM (27). The mean age of the BC patients enrolled
in our study was 49.5 years at the time of diagnosis. We
observed that age was an independent risk factor for
predicting ALNM.

A previous study has not drawn conclusions on the role
of ER and PR receptor status in predicting ALNM, and
no association has been observed between HR status and
lymph node positivity (28). However, recent studies have
concluded that the risk of ALNM in HR negative patients
was lower than that of other patients after adjusting for
other risk factors (29-31). Interestingly, our study found a
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significant correlation between ER status and ALNM, such
that a higher proportion of the ALNM patients were ER-
positive. These findings indicate that ER status could serve
as an independent risk factor for ALNM.

Research has reported that the larger the tumor, the
higher the likelihood of ALNM (32). However, small
primary tumors have also been reported to show extensive
LNM (33). Notably, our study found that tumor size was
also an independent risk factor, such that the larger the
maximum diameter of the MG lesion, the higher the risk of
ALNM. Moreover, BI-RADS 5 lesions have been reported
to be related to a larger tumor size, ALNM, and LVI
on breast US examination. Similarly, our previous study
showed that BI-RADS-MRI classification has important
significance for predicting ALNM (34). In this study, the
independent predictors of LNM included age, ER status,
abnormal performance on MG, MG mass size, and BI-
RADS-MRI classification.

MG radiography is widely used in BC screening and
provides sufficient data for clinical diagnosis (24). In a
study of 147 patients, a MG-based radiomics nomogram
with some clinicopathologic features was developed to
predict ALNM in BC patients, with greater than 0.8 AUC
values (15). Moreover, another study established a combined
radiomics nomogram to predict ALNM that included PR
status, the subtype of BC, and the radiomics profile, and
found that this combined nomogram was more effective
than any one clinical or radiological feature alone (24).
In our study, the AUC values of the MG deep learning
prediction model for the CC view and MLO view in the
training cohort were 0.784 and 0.896, respectively, and the
corresponding AUC values for the training cohort were
0.737 and 0.790, respectively. Thus, the deep learning MG
model also has potential clinical value in predicting LNM.

We found that the T-PTR (4 mm) model showed
promising performance in predicting ALNM, and had AUC
values greater than 0.8 in both the training and validation
cohorts. Many previous studies have established multivariate
models for predicting ALNM in BC patients based on
MRI, some of which have incorporated clinicopathological
characteristics (14,21-23,25). Recently, a nomogram based
on the ALN status-related factors of the first-stage T'1
image of DCE-MRI was constructed to predict ALNM
using radiomics (22). The predictive performance of that
model was comparable to the radiomics model in this study.
Moreover, previous research has constructed nomograms
based on the status of three lymph nodes extracted from
the peak enhancement period detected by DCE-MRI to

© AME Publishing Company.
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predict ALNM, and these nomograms showed promising
efficacy in both the training and testing sets (23). A previous
study showed that a prediction model based on radiomics
features from DCE-MRI had a significantly increased
AUC value after correcting for some clinicopathological
characteristics (25). Previous research has shown that
combining MG with DCE-MRI enhanced the ability of a
model to distinguish between benign and malignant BC,
and reported that this model had a prediction accuracy of
83.3% (35). In addition, the deep learning approach has also
been applied to predict ALNM in BC. This study integrated
clinicopathological characteristics, MRI radiomics, and a
MG deep learning model to improve the prediction ability.

Our study had some limitations. First, it should be
noted that our study was a single-center retrospective
study. The patients included are those with upgraded
DCIS. These patients often present with palpable mass-
type lesions, which are considered as breast malignant
lesions. MRI examination is recommended. However,
MRI is not a routine examination for the patients with
DCIS, which differs from the situation in Europe and the
United States. Thus, while all the participants met the
inclusion and exclusion criteria, selection bias could not be
completely avoided. Limitations include reliance on pre-
therapy MRI and uncertain clinical utility in guideline-
defined low-risk subgroups.Second, there were minor
differences between the two cohorts, which might reduce
the reliability of validation. Multi-center, large cohort
studies should be conducted in the future. Manual ROI
segmentation introduces subjectivity, though reproducibility
tests demonstrated acceptable consistency. Future studies
may benefit from automated segmentation tools to reduce
variability.

Conclusions

In this study, a multi-omics model based on clinicopathological
characteristics, MRI radiomics, and MG deep learning
was constructed, which showed promising performance
in predicting ALNM in patients with upgraded DCIS.
The model developed in this study has potential clinical
predictive value and might help surgeons to make better
clinical decisions. It may help predict additional nodal
metastasis in patients who have neo-adjuvant chemotherapy
for invasive cancer and undergo a sentinel node with 1 +
node, or predict additional + nodes with this approach and
other situations where it would be helpful to know the
nodal burden without surgical intervention.
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