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Background: Accurate identification of the molecular subtypes of breast cancer is essential for effective treatment selection and
prognosis prediction.

Aim: This study aimed to evaluate the diagnostic performance of a radiomics model, which integrates breast mammography and
dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) in predicting the molecular subtypes of breast cancer.
Methods: We retrospectively included 462 female patients with pathologically confirmed breast cancer, including 53 cases of triple-
negative, 94 cases of HER2 overexpression, 95 cases of luminal A, and 215 cases of luminal B breast cancer. Radiomics analysis was
performed using FAE software, wherein the radiomic features were examined about the hormone receptor status. The performance of
the model was evaluated using the area under the receiver operating characteristic curve (AUC) and accuracy.

Results: In multivariate analysis, radiomic features were the only independent predictive factors for molecular subtypes. The model
that incorporates multimodal fusion features from breast mammography and DCE-MRI images exhibited superior overall performance
compared to using either modality independently. The AUC values (or accuracies) for six pairings were as follows: 0.648 (0.627) for
luminal A vs luminal B, 0.819 (0.793) for luminal A vs HER2 overexpression, 0.725 (0.696) for luminal A vs triple-negative subtype,
0.644 (0.560) for luminal B vs HER2 overexpression, 0.625 (0.636) for luminal B vs triple-negative subtype, and 0.598 (0.500) for
triple-negative subtype vs HER2 overexpression.

Conclusion: The radionics model utilizing multimodal fusion features from breast mammography combined with DCE-MRI images
showed high performance in distinguishing molecular subtypes of breast cancer. It is of significance to accurately predict prognosis
and determine treatment strategy of breast cancer by molecular classification.
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Introduction

Breast cancer is the prevailing malignant neoplasm in women globally, with a notable increase in its occurrence in recent
times.'? Extensive investigation has been conducted on breast cancer at the molecular level, emphasizing the significance
of accurately identifying its molecular subtypes for effective treatment selection and prognosis prediction.

The pioneering work of Perou et al in 2000 introduced the concept of molecular subtyping in breast cancer, primarily
relying on the assessment of estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor
2 (HER2), and proliferation cell nuclear antigen (Ki-67) expression.>* Different molecular subtypes exhibit distinct
prognoses and responses to specific treatment modalities.” For instance, Luminal A and Luminal B subtypes pre-
dominantly derive therapeutic benefits from endocrine therapy, while the HER2 overexpressing subtype can be effec-
tively treated with anti-HER2 targeted therapy. Conversely, triple-negative breast cancer primarily relies on
chemotherapy for treatment. Molecular typing of breast cancer is usually evaluated by invasive tissue sampling.
However, due to the spatial and temporal heterogeneity of breast cancer, which is usually performed once at baseline,
it is not suitable to monitor tumor changes during neoadjuvant chemoradiotherapy. This limits the application of invasive
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biopsy in molecular detection, biopsy is only based on the sampling site, which is prone to selection site bias, and the
occurrence and development characteristics of diseases cannot be analyzed from the overall lesion level of the sample.'”
In addition, biopsy has irreversible damage to the sample.'’

A liquid biopsy is a biomarker that can be measured in body fluids such as blood to characterize genomic alterations
present in solid tumors. It can be evaluated longitudinally during treatment. However, its limitation is the relative
heterogeneity of time points in liquid biopsy collection.'' The discovery of a comprehensive genomic map includes
predictive, prognostic, and diagnostic biomarkers, as well as the identification of somatic mutations that can indicate the
efficacy of immunotherapy and molecule-guided therapies.'> However, the detection cost is high, the interpretation is
relatively complicated, and the turnaround time is long. In contrast, medical imaging is a routine part of the clinical
decision-making process. Unlike biopsy, medical imaging is non-invasive and can provide information about the entire
tumor phenotype.

Imaging examinations, being the most direct and convenient approach, furnish crucial information about tumor size,
morphology, and radiological characteristics.'>'* These findings are instrumental in the diagnosis, treatment, and
prognosis assessment of breast cancer.

In recent years, there has been a surge in the utilization of novel technologies rooted in diverse imaging modalities for
precision medicine and personalized treatment of breast cancer. Specifically, artificial intelligence (Al)-based computer-
aided detection/diagnosis (CAD) systems and machine learning have been widely used in clinical practice to aid in the
screening and diagnosis of breast cancer, and radiomics may also have the potential to aid clinical decision making. In
addition, a combination of radiomic and multi-omics approaches, such as radiomics, has been reported,'® which in future
studies may result in a more compelling model for bridging tumor phenotypes and genotypes, or for interpreting the
biological significance of features in medical images. Supporting vector machine (SVM) is a classifier method based on
machine learning, which has the characteristics of robustness and sparsity, and is good at solving problems such as
nonlinear and small samples. Radiomics, a non-invasive imaging technique, effectively extracts a multitude of char-
acteristics from radiographic images, thereby furnishing valuable insights regarding the tumor and facilitating the
construction of predictive models for clinical outcomes.'®'® The practical advantages of non-invasive imaging over
traditional biopsies: Firstly, invasive imaging is non-invasive to the patients, and can provide information about the
overall phenotype of the tumor. Invasive imaging tissue samples are not destructive. Secondly, because biopsy is usually
performed only once at baseline, it is not suitable for follow-up during neoadjuvant chemoradiotherapy, while invasive
imaging can rapidly and dynamically monitor the nature and changes of tumors during neoadjuvant chemoradiotherapy
for breast cancer. Thirdly, invasive imaging is faster than biopsy, and can obtain the diagnosis and classification of lesions
in time before treatment. Imaging modalities such as mammography, ultrasound, and magnetic resonance imaging (MRI)
assume pivotal roles in the identification, management, and prognosis prediction of breast cancer, offering a wealth of
information that is imperceptible to the unaided human eye.'® Numerous investigations have been carried out on
radiomics studies of breast cancer utilizing various imaging techniques, including mammography, digital breast tomo-
synthesis (DBT), ultrasound, and positron emission tomography.'® Breast MRI is extensively employed for screening,
staging, efficacy evaluation, and recurrence monitoring in women at high risk of breast cancer, with dynamic contrast-
enhanced MRI (DCE-MRI) being particularly recognized for its heightened sensitivity as an imaging modality.* >’
However, MRI is expensive, the imaging time is long, and MRI is not available for patients with metal objects in the
body and poor tolerance. Compared with MRI, mammography is more sensitive to structural distortion and
calcification.* In this respect, an MRI is inferior to a mammogram. Similarly, mammogram has its shortcomings.
Mammograms have limited sensitivity and specificity in identifying lesions and distinguishing benign and malignant
lesions. Especially in dense mammary glands, the ability to detect lesions is greatly reduced. Although numerous studies
have documented the potential correlation of radiomic features derived from MRI and mammography with the molecular
subtypes of breast cancer” 2’ It is also encouraging to show that MRI and mammograph-based radiomics can predict
molecular subtypes of breast cancer in a non-invasive manner. Limited research has been conducted on the integration of
radiomic features from mammography and DCE-MRI images to distinguish between molecular subtypes of breast cancer.
Therefore, the objective of this study is to investigate the combined predictive value of mammography and DCE-MRI
radionics for distinguishing molecular subtypes of breast cancer.
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Methods and Materials
Study Population

A retrospective analysis was undertaken on a cohort of 462 female patients who received a definitive diagnosis of breast
cancer through pathology examination during the period from January 2018 to December 2020. Before undergoing breast
mammography and DCE-MRI, these patients had not undergone a biopsy. In total, complete pathological data, encom-
passing the expression levels of ER, PR, HER2, and ki67, were available for 243 patients (53 cases of triple-negative
subtype, 94 cases of HER2 overexpressing subtype, 95 cases of luminal A subtype, and 215 cases of luminal B subtype).
Each patient underwent three types of imaging, including craniocaudal (CC), mediolateral oblique (MLO), and DCE-
MRI

Breast Mammography

After the patient has been prepared, the Selenia Dimensions device is utilized to capture both head-to-toe and oblique
views of the subject under examination, potentially employing local compression for magnification. Following this, the
acquired images are processed using the automatic exposure mode of the machine.

MRI

Breast magnetic resonance imaging (MRI) scans were conducted utilizing two Philips machines, namely the 3.0
T Achieva and Ingenia models. These machines, manufactured by the same company, possess identical field strengths
for breast MRI scans. The scanning protocol employed is standardized across both machines, encompassing T1-weighted
imaging, T2-weighted imaging, diffusion-weighted imaging (DWI), and dynamic contrast enhancement. Additionally, the
post-processing workstations employed are uniform, enabling comparative analysis. Patients are positioned in the prone
position, with both breasts suspended downward. MRI scans are conducted for both bilateral breast and axillary regions,
including both plain and dynamic contrast-enhanced sequences.

A gadopentetate dimeglumine contrast agent, with a concentration of 469.01 mg/mL and a dosage of 0.1 mL/kg, is
administered via a high-pressure injector through the dorsal hand vein at a rate of 2.0 mL/s. Subsequently, a 15 mL
injection of 0.9% saline solution is administered at the same rate. The scanning sequences for the Philips 3.0 T MRI
scanner comprise (1) Axial T2-weighted imaging with a repetition time (TR) of 8800.0 ms, echo time (TE) of 70.0 ms,
slice thickness of 4 mm, and no slice gap. Axial T1-weighted imaging with a TR of 3.8 ms, TE of 1.9 ms, slice thickness
of 4 mm, and no slice gap. (2) Axial dynamic contrast-enhanced sequence, starting with a pre-contrast acquisition
followed by continuous imaging of 8 consecutive phases after contrast injection. The parameters for this sequence
include a TR of 4.1 ms, TE of 2.1 ms, slice thickness of 1 mm, and no slice gap. Each phase is scanned for 50 seconds
without interruption.

Image Analysis

Segmentation of Lesions

All Digital Imaging and Communications in Medicine (DICOM) images are transferred to a database and subsequently
imported into the open-source image processing tool 3D slicer (https://www.slicer.org). Lesion segmentation was

performed by a radiologist specializing in breast imaging, possessing more than 5 years of experience. For breast
mammography images, the boundaries of the lesions were manually delineated on Cranio-Caudal (CC) or Medio-Lateral
Oblique (MLO) views to generate 2D images. For DCE-MRI images, a multi-level stepwise sketching technique was
employed to outline the tumor lesion, and these sketch images were then fused to create a three-dimensional volume of
interest (VOI) (as depicted in Figure 1), including the enhancing component of all lesions. For a patient with multiple
lesions in the breast, only the largest lesion was segmented.

Feature Extraction and Screening

A total of 851 radiomics features were then extracted using the Pyradiomics package in the 3Dslicer software, including
18 first-order features, 14 shape-based features (including 2D images and 3D images), 38 gray-level co-occurrence
matrix (GLCM) features, 16 gray-level size zone matrix (GLSZM) features, 14 gray-level dependence matrix (GLDM)
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Figure | A 45-year-old female patient was diagnosed with infiltrating ductal carcinoma of the breast. (A-B) Axial images display irregular shapes, spiculated margins, and
heterogeneous enhancement of the mass (indicated by arrows). (C) The gradual fusion of the volume of interest into the contour image. (D and E) left medial oblique view.
(D) The white arrow shows an irregular mass in the upper quadrant of the left breast with irregular shape and marginal burrs; (E) the white arrow shows an lesion area;
(F and G) left nipple-tail view. (F) The white arrow shows the lesion shape is irregular, with visible lobes and burrs. (G) The white arrow shows the lesion area of interest.

features, 32 gray-level run length matrix (GLRLM) features, and 5 neighboring gray-tone difference matrix (NGTDM)
features. Radiomics analysis is implemented through Feature Explorer Pro (FAE, V 0.5.2) based on Python (3.7.6).
Analysis of Variance (ANOVA) was used to screen out the imaging features with high stability, high differentiation, and

high predictive value related to breast cancer molecular typing.

Model Construction and Verification
We performed six binary classifications for breast cancer molecular subtypes: luminal A versus luminal B, luminal
A versus HER2 overexpressing, luminal A versus triple-negative, luminal B versus HER2 overexpressing, luminal
B versus triple-negative, and triple-negative versus HER2 overexpressing. Support Vector Machine (SVM) machine
learning was used to construct the models based on DCE-MRI and mammography. Then, the significant features
extracted based on DCE-MRI and mammography were combined. The same method is used to screen features and
construct a multi-modal feature fusion model. Finally, three models of single mammography, single DCE-MRI, and
combined DCE-MRI were constructed in this study.

Finally, three models of single mammography, single DCE-MRI, and combined mammography and DCE-MRI were
constructed in this study. The SVM parameters are set according to the default parameters of the “scikit learn” package
(C = 1.0, kernel = “rbf”, degree = 3). SVM is an efficient and robust classifier for building models. Kernel functions can
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map features to higher dimensions by searching hyperplanes to separate bins with different labels. Here, we use the linear
kernel function because it is easier to interpret the characteristic coefficients of the final model.

To determine the model’s hyperparameters (such as the number of features), we cross-validate the training dataset by
a factor of 5, setting the hyperparameters based on the model’s performance on the validation dataset. To verify the
classification accuracy, the whole sample was randomly divided into 5 groups by using the 5-fold cross-validation
method. In each round, four groups are used as the training set and one as the validation set. The process is repeated five
times until each group of samples has been validated.

Each SVM suitable for cross-validation generates a model with different features, and the classifier achieves
maximum AUC and accuracy with a different number of significant features (top 1, 2, 3, etc., up to 30).

Histopathology

Based on the ASCO/CAP guidelines, breast cancer is categorized into Luminal A, Luminal B, HER2 overexpression, or
triple-negative subtypes.”® In this classification, estrogen receptor (ER) and progesterone receptor (PR) levels exceeding
1% are deemed positive.”” HER2 negativity is determined by HER2 (-) or (1+), while HER2 positivity is indicated by (3
+), with HER2 (2+) necessitating fluorescence in situ hybridization (FISH) for further assessment. Amplification of the
HER2 gene signifies a positive result, whereas its absence denotes a negative result.*

Statistical Analysis

The random grouping function of FAE is employed to partition the sample data for each standard into training and testing
sets, with a ratio of 7:3. To address the imbalance in the training data set, the number of samples is augmented by
replicating random cases, thereby achieving equilibrium between positive and negative samples. Additionally, the feature
matrix is normalized to account for the high dimensionality of the feature space. The similarity between feature pairs is
assessed using the Pearson correlation coefficient (PCC), and if the PCC value exceeds 0.990, one of the features is
eliminated. Before model construction, we use analysis of variance (ANOVA) to select features. Subsequently, a support
vector machine (SVM) machine learning technique is utilized for classification. To assess the accuracy of the classifica-
tion, a 5-fold cross-validation technique is employed, wherein the entire sample is randomly partitioned into five distinct
groups. During each iteration, four groups are designated as the training set, while one group serves as the validation set.
This iterative process is repeated five times until each sample group has been validated. The performance of the
classification is evaluated in this study based on the area under the curve (AUC) of the receiver operating characteristic
(ROC) curve and the accuracy.

Results

Feature Selection of Mammography-Based Radionics Model

Figure 2 shows the individual breast mammography imaging feature model identified specific features for different
subtypes of breast cancer. Luminal A and luminal B subtypes selected 11 features, we found that the model based on 11
features can get the highest AUC on the validation data set. The AUC and the accuracy could achieve 0.586 and 0.655,
respectively. In this point, he AUC and the accuracy of the model achieve 0.526 and 0.569 on the testing data set.
Luminal A and HER2 overexpression subtypes selected 10 features, we found that the model based on 10 features can
get the highest AUC on the validation data set. The AUC and the accuracy could achieve 0.622 and 0.651, respectively.
In this point, the AUC and the accuracy of the model achieve 0.612 and 0.655 on the testing data set. Luminal A and
TNBC subtypes selected 6 features, we found that the model based on 6 features can get the highest AUC on the
validation data set. The AUC and the accuracy could achieve 0.506 and 0.564, respectively. In this point, the AUC and
the accuracy of the model achieve 0.608 and 0.739 on the testing data set. Luminal B and HER2 overexpression subtypes
selected 1 feature, we found that the model based on 1 feature can get the highest AUC on the validation data set. The
AUC and the accuracy could achieve 0.559 and 0.452, respectively. In this point. the AUC and the accuracy of the model
achieve 0.552 and 0.680 on the testing data set. Luminal B and triple-negative subtypes selected 20 features, we found
that the model based on 20 features can get the highest AUC on the validation data set. The AUC and the accuracy could
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Figure 2 ROC curve for the mammography radiomics model. (A) The AUC of the model constructed based on luminal A and luminal B reaches 0.589 and 0.550 in the
verification and test sets, respectively. (B) The AUC of the model constructed based on Luminal A and Her2 overexpression reached 0.622 and 0.612 in the validation and
test sets, respectively. (C) The AUC of the models built based on luminal A and TNBC reached 0.506 and 0.608 on the verification and test sets, respectively. (D) The AUC
of the models built based on luminal B and HER2 reached 0.592 and 0.563 on the verification and test sets, respectively. (E) The AUC of the models built based on luminal
B and TNBC reached 0.557 and 0.602 on the validation and test sets, respectively. (F) The AUC of the models built based on TNBC and HER2 reached 0.545 and 0.571 on
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Table 1 The AUC and Accuracy of the Radiomics Model of Mammography-Based, DCE-MRI-Based, Combined on Testing Dataset

Luminal Luminal A and Luminal Luminal B and Luminal Triple-negative and

and HER2 A and Triple- | HER2 B and Triple- | HER2

Luminal B | Overexpression negative Overexpression negative Overexpression
Mammo 0.550/0.647 | 0.612/0.655 0.608/0.739 0.564/0.460 0.602/0.545 0.571/0.727
DCE-MRI 0.709/0.608 | 0.691/0.724 0.600/0.696 0.601/0.640 0.559/0.477 0.554/0.591
Mammo+DCE-MRI 0.698/0.667 | 0.819/0.793 0.667/0.652 0.644/0.560 0.625/0.636 0.589/0.636

Abbreviations: Mammo, Mammography; DCE-MRI, Dynamic contrast-enhancement magnetic resonance imaging; HER2", Human Epidermal Growth Factor Receptor 2*;
TNBC, Triple-Negative Breast Cancer.

achieve 0.557 and 0.644, respectively. In this point, the AUC and the accuracy of the model achieve 0.602 and 0.545 on
the testing data set and triple-negative and HER2 overexpression subtypes selected 4 features, we found that the model
based on 4 features can get the highest AUC on the validation data set. The AUC and the accuracy could achieve 0.545
and 0.510, respectively. In this point, the AUC and the accuracy of the model achieve 0.571 and 0.727 on the testing data
set. The AUC and the accuracy of the radionics model on the testing dataset are presented in Table 1.

Feature Selection of DCE-MRI-Based Radionics Model

In the individual breast DCE-MRI feature model, the luminal A and luminal B subtypes identified a total of 5 features.
We found that the model based on 5 features can get the highest AUC on the validation data set, the AUC and the
accuracy could achieve 0.603 and 0.529, respectively. In this point, the AUC and the accuracy of the model achieve
0.709 and 0.608 on the testing data set. While the luminal A subtype in conjunction with HER2 overexpression identified
10 features. We found that the model based on 10 features can get the highest AUC on the validation data set. The AUC
and the accuracy could achieve 0.721 and 0.727, respectively. In this point, the AUC and the accuracy of the model
achieve 0.691 and 0.724 on the testing data set. Similarly, A total of 5 features in the luminal A subtype combined with
triple-negative were identified, we found that the model based on 5 features can get the highest AUC on the validation
data set. The AUC and the accuracy could achieve 0.681 and 0.600, respectively. In this point, the AUC and the accuracy
of the model achieve 0.600 and 0.696 on the testing data set. Whereas, the luminal B subtype in conjunction with HER2
overexpression identified 13 features. We found that the model based on 13 features can get the highest AUC on the
validation data set. The AUC and the accuracy could achieve 0.602 and 0.713, respectively. In this point, the AUC and
the accuracy of the model achieve 0.601 and 0.640 on the testing data set. Furthermore, the luminal B subtype combined
with triple-negative identified 4 features. We found that the model based on 4 features can get the highest AUC on the
validation data set. The AUC and the accuracy could achieve 0.492 and 0.548, respectively. In this point the AUC and the
accuracy of the model achieve 0.590 and 0.705 on the testing data set. Triple-negative in combination with HER2
overexpression identified 5 features. We found that the model based on 5 features can get the highest AUC on the
validation data set. The AUC and the accuracy could achieve 0.723 and 0.745, respectively. In this point, the AUC and
the accuracy of the model achieve 0.562 and 0.591 on the testing data set. The AUC and the accuracy of the radionics
model on the testing dataset are presented in Table 1.

Feature Selection of Combined Radionics Model

In the combined mammography and DCE-MRI radiomics model, luminal A and luminal B selected 1 feature. We found
that the model based on 1 feature can get the highest AUC on the validation data set. The AUC and the accuracy could
achieve 0.617 and 0.630, respectively. In this point, the AUC and the accuracy of the model achieve 0.648 and 0.627 on
the testing data set. Luminal A and HER2 overexpression selected 11 features. We found that the model based on 11
features can get the highest AUC on the validation data set. The AUC and the accuracy could achieve 0.645 and 0.636,
respectively. In this point, the AUC and the accuracy of the model achieve 0.819 and 0.793 on the testing data set.
Luminal A and triple-negative selected 4 features. We found that the model based on 4 features can get the highest AUC
on the validation data set. The AUC and the accuracy could achieve 0.673 and 0.600, respectively. In this point, the AUC
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and the accuracy of the model achieve 0.725 and 0.696 on the testing data set. Luminal B and HER2 overexpression
selected 16 features. We found that the model based on 16 features can get the highest AUC on the validation data set.
The AUC and the accuracy could achieve 0.682 and 0.583, respectively. In this point, the AUC and the accuracy of the
model achieve 0.644 and 0.560 on the testing data set. Luminal B and triple-negative selected 25 features. We found that
the model based on 25 features can get the highest AUC on the validation data set. The AUC and the accuracy could
achieve 0.626 and 0.712, respectively. In this point, the AUC and the accuracy of the model achieve 0.625 and 0.636 on
the testing data set. And triple-negative and HER2 overexpression selected 14 features. We found that the model based on
14 features can get the highest AUC on the validation data set. The AUC and the accuracy could achieve 0.624 and
0.588, respectively. In this point, the AUC and the accuracy of the model achieve 0.598 and 0.500 on the testing data set.
The AUC and accuracy of multi-feature fusion models with single mammography, single mammography DCE-MRI, and
mammography combined with DCE-MRI on the test data set are shown in Table 1.

As shown in Figure 3, the AUC values for the combined model in the training and testing datasets were 0.687 and
0.648, 0.777 and 0.819, 0.857 and 0.725, 0.783 and 0.644, 0.925 and 0.625, 0.895 and 0.598, respectively. The AUC of
the combined model in the validation dataset is presented in Table 2.

Diagnostic Performance of Different Models

As shown in Figures 2—4, the combined model outperformed the individual models constructed solely from breast
mammography or DCE-MRI. The overall classification performance of the three models is shown in Table 2. It is evident
that across all experiments, the AUC values ranged from 0.526 to 0.819, while the accuracy values ranged from 0.500 to
0.793. Notably, the combination of breast mammography and DCE-MRI resulted in increased AUC values in all six
binary classifications. In terms of accuracy, in the six subtypes of mammography and DCE-MRI models, luminal A type
and luminal B type increased. Luminal A type and HER2 overexpression type also increased. The fusion models based
on mammography and DCE-MRI in luminal A and three negative models are comparable to DCE-MRI. The luminal
B and three negative models based on mammography and DCE-MRI fusion models were higher than the mammography
alone (Table 1). Overall, the combined model produced the best classification performance.

Discussion

In contrast to prior investigations concerning breast imaging radionics, this study extracts radiomic features from
multimodal images to investigate the molecular subtypes of breast cancer. The findings of this study demonstrated that
the combined breast mammography and DCE-MRI radiomics model yielded superior AUC and accuracy when compared
to models constructed solely using either breast mammography or DCE-MRI images. The Luminal A"HER2" model
performed best among the six binary tasks, with AUC and accuracy of 0.819 and 0.793, possibly because the luminalA
+HER2+ model provided more complementary information. The accuracy of the luminalA"HER2" model was higher
than that of Sutton EJ et al®' based on the SVM machine learning prediction model combined with image features
extracted by MRI (71.2%). Similarly, the AUC and accuracy of this model are higher than those of Lafc1 O et al** (AUC
and accuracy are 0.764 and 0.694, respectively). This indicates that our model is relevant to the molecular typing of
breast cancer and can be used as an alternative marker for predicting and prognostic genetic subtypes of breast cancer
molecular typing, providing a reference for targeted therapy. However, compared with the study of Zhu S et al** (AUC of
0.93, 0.89, and 0.87 in the internal test set, respectively), the AUC of our study ranges from 0.517 to 0.819, and the
results are not overly optimistic, possibly due to data imbalance. This study employed the support vector machine (SVM)
classification algorithm and the variance analysis selection method to develop a model for predicting breast cancer
molecular subtypes. The SVM classifier demonstrated favorable classification performance in terms of AUC and
accuracy on the test dataset, aligning with previous research findings.**>° These results suggest that the SVM classifier
holds significant promise for evaluating molecular subtypes. We speculate that the construction of a diagnostic predictive
model, utilizing the fusion of breast mammography and MRI, holds the potential to offer a distinctive avenue for non-
invasive clinical prognostication of breast cancer molecular subtypes. Furthermore, this model can serve as a foundation
for the development of precise and personalized treatment strategies, informed by our research findings.
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Figure 3 ROC curve for the DCE-MRI radiomics model. (A) The AUC of the model constructed based on luminal A and luminal B reached 0.603 and 0.709 in the
verification and test sets, respectively. (B) The AUC of the model constructed based on Luminal A and HER2" overexpression reached 0.721 and 0.690 in the verification
and test sets, respectively. (C) The AUC of the model constructed based on luminal A and TNBC reached 0.681 and 0.600 in the validation set and test set, respectively. (D)
The AUC of the model constructed based on luminal B and HER2" reached 0.602 and 0.601 in the verification and test sets, respectively. (E) The AUC of the model
constructed based on luminal B and TNBC reached 0.537 and 0.559 in the verification and test sets, respectively. (F) The AUC of the models built based on TNBC and
HER?2 reached 0.723 and 0.554 in the verification set and test set, respectively. HER2*, Human Epidermal Growth Factor Receptor 2*. TNBC, Triple-Negative Breast Cancer.

Given the considerable heterogeneity of breast cancer, distinct molecular subtypes exhibit notable variations in their
response to treatment. The utilization of breast mammography and DCE-MRI images to directly identify molecular
markers holds the potential for distinguishing the four molecular subtypes of breast cancer, thereby obviating the need for

Breast Cancer: Targets and Therapy 2025:17 htps: 195



Yang et al

Table 2 The Classification Performance (AUC) of the Radiomics Model in the Validation Set

Luminal and Luminal A and HER2 Luminal A and Luminal B Luminal B and Triple-negative
Luminal B Overexpression Triple-negative and HER2 Triple-negative and HER2
Overexpression Overexpression
Mammo 0.589 0.622 0.506 0.592 0.557 0.545
DCE-MRI 0.603 0.721 0.681 0.602 0.537 0.723
Mammo+DCE-MRI 0.615 0.645 0.693 0.682 0.626 0.687

Abbreviations: Mammo, Mammography; DCE-MRI, Dynamic contrast-enhancement magnetic resonance imaging; HER2", Human Epidermal Growth Factor Receptor 2*;
TNBC, Triple-Negative Breast Cancer.

invasive biopsy procedures. Numerous studies conducted in recent years have investigated the radiomic features of breast

MRI, breast mammography, and ultrasound,***!

and have observed correlations between qualitative and visual informa-
tion and the molecular subtypes of breast cancer. Leithner et al employed multiparametric MRI radiomics to assess the
molecular subtypes of breast cancer, achieving high accuracy in distinguishing the triple-negative subtype from other
subtypes and luminal A and triple-negative subtype (AUC of 0.80 and 0.76).** Similarly, Son et al utilized 129 radiomic
features extracted from synthetic mammography reconstructed from digital breast tomosynthesis to predict the molecular
subtypes of breast cancer.*’ In the validation cohort, the radiomic features produced AUC values of 0.838, 0.556, and
0.645 for triple-negative, HER2, and luminal subtypes, respectively. Ma et al observed the superior performance of
a combination of CC and MLO views in analyzing mammography images of 331 patients.”® They extracted quantitative
radiomic features and reported the AUC values and accuracy, for different subtypes: triple-negative versus non-triple-
negative subtype (0.865 [0.796]), HER2 overexpression versus non-HER2 overexpression subtype (0.784 [0.748]), and
luminal versus non-luminal subtype (0.752 [0.788]). However, the existing literature on breast imaging radiomics
primarily concentrates on distinguishing breast cancer molecular subtypes by utilizing radiomic features, which are
extracted from single-modal images, with a majority of studies relying on the analysis of two-dimensional images. In
contrast, the present study places its primary emphasis on the extraction of radiomic features from breast mammography
and DCE-MRI images individually. Furthermore, it compares the classification performance of models constructed from
the individual breast mammography and DCE-MRI images to the model constructed from their multimodal feature
fusion, to identify subtypes. Different molecular types of breast cancer respond differently to specific treatments, for
example, Luminal A and Luminal B focus on endocrine therapy, HER2-overexpressed types focus on anti-HER2-targeted
therapy, and triple-negative types mainly rely on chemotherapy. If the molecular classification of breast cancer can be
accurately predicted by this model, targeted treatment can be carried out according to different types of breast cancer
patients, thereby reducing unnecessary biopsies and surgeries. In addition, when the pathological results are different
from the results of this model, it can arouse the alarm for radiologists and oncologists to find the cause and adjust the
treatment plan in time before tumor treatment. At the same time, knowing the molecular classification of breast cancer
before or during surgery can help determine the surgical plan, the scope of surgery, and the individual treatment after
surgery. We believe that the development of the diagnostic prediction performance of multi-feature fusion models based
on mammography and MRI can enable oncologists and radiologists to quickly and accurately identify breast cancer
molecular typing in a short time, and provide unique ideas for non-invasive prediction of breast cancer molecular typing
classification. The model could pave the way for more targeted treatment strategies that improve patient outcomes and
potentially reduce overtreatment or inappropriate treatment. The development of clinically precise and personalized
treatment plans based on our research results provides a benchmark and has important guiding value for clinical
treatment. However, our study has some limitations. Firstly, it is worth noting that this study was conducted solely at
a single institution, utilizing images exclusively from a single vendor. The need for data from multi-center or different
imaging systems or external validation datasets in future studies will strengthen the conclusions and generalizations of
the model. Secondly, the inherent disparities in imaging acquisition machines, technical parameters, slice thickness, and
reconstruction algorithms pose a challenge in attaining consistent imaging and obtaining uniform results that can be
effectively applied in clinical practice. Thirdly, in this study, the image segmentation of MRI and mammogram was
performed manually, which was time-consuming and might have observer bias. This bias could be addressed in the future
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Figure 4 ROC curve for the combined mammography and DCE-MRI radiomics model. (A) The AUC of the models built based on luminal A and luminal B reached 0.615 and 0.698
on the verification and test sets, respectively. (B) The AUC of the models constructed based on luminal A and HER2" overexpression reached 0.645 and 0.819 in the validation and
test sets, respectively. (C) The AUC of the models built based on luminal A and TNBC reached 0.693 and 0.667 on the validation set and test set, respectively. (D) The models built
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by using automated or semi-automatic segmentation, and exploring these tools could also serve as recommendations for
future research and implementation strategies. Lastly, we assert that the investigation of breast cancer molecular subtype
classification and its comparison with alternative machine learning techniques hold substantial promise, prompting us to
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In conclusion, this study demonstrates that the multi-feature fusion model based on the combination of breast
mammography and DCE-MRI radionics shows higher classification performance. Larger-scale cases will be included
in the future to further evaluate the research findings. We plan to combine genomic data with radiomics in future work to
further refine machine learning algorithms, exploring the role of radiomics in predicting treatment response or long-term
outcomes.

Conclusion

The radiation omics analysis based on MRI combined with mammography can effectively predict the molecular subtypes
of breast cancer before surgery, and Luminal A and HER2 overexpression models perform best, which provides an
effective tool for the individualized treatment of breast cancer patients before surgery.

Limitations and Future Work

The lack of multi-institution data or external dataset validation is a limitation of our study. Our equipment is relatively
single and currently does not enable multi-institution data or external data set validation. In future research, the
importance of multi-institution data or external data sets will be taken into account. More multi-institution data or
external data will be collected and applied in future research, to increase the feasibility of the model and improve the
extrapolation and generalization ability of the model.
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