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Purpose: The aim of this study is to investigate radiomics features extracted from the
optimal peritumoral region and the intratumoral area on the early phase of dynamic
contrast-enhanced MRI (DCE-MRI) for predicting molecular subtypes of invasive ductal
breast carcinoma (IDBC).

Methods: A total of 422 IDBC patients with immunohistochemical and fluorescence in
situ hybridization results from two hospitals (Center 1: 327 cases, Center 2: 95 cases) who
underwent preoperative DCE-MRI were retrospectively enrolled. After image
preprocessing, radiomic features were extracted from the intratumoral area and four
peritumoral regions on DCE-MRI from two centers, and selected the optimal peritumoral
region. Based on the intratumoral, peritumoral radiomics features, and clinical-radiological
characteristics, five radiomics models were constructed through support vector machine
(SVM) in multiple classification tasks related to molecular subtypes and visualized by
nomogram. The performance of radiomics models was evaluated by receiver operating
characteristic curves, confusion matrix, calibration curves, and decision curve analysis.

Results: A 6-mm peritumoral size was defined the optimal peritumoral region in
classification tasks of hormone receptor (HR)-positive vs others, triple-negative breast
cancer (TNBC) vs others, and HR-positive vs human epidermal growth factor receptor 2
(HER2)-enriched vs TNBC, and 8 mm was applied in HER2-enriched vs others. The
combined clinical-radiological and radiomics models in three binary classification tasks
(HR-positive vs others, HER2-enriched vs others, TNBC vs others) obtained optimal
performance with AUCs of 0.838, 0.848, and 0.930 in the training cohort, respectively;
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0.827, 0.813, and 0.879 in the internal test cohort, respectively; and 0.791, 0.707, and
0.852 in the external test cohort, respectively.

Conclusion: Radiomics features in the intratumoral and peritumoral regions of IDBC on
DCE-MRI had a potential to predict the HR-positive, HER2-enriched, and TNBC
molecular subtypes preoperatively.

Keywords: breast cancer, magnetic resonance imaging, dynamic contrast-enhanced imaging, radiomics,

molecular subtype

INTRODUCTION

Breast cancer is one of the most common malignant tumors, and it
has been the leading cause of cancer death among women aged 20
to 59 years (1, 2). The invasive ductal breast carcinoma (IDBC),
accounting for approximately 80% in all breast cancers, is the most
common histological subtype of breast cancer (3, 4). As a highly
heterogeneous malignant tumor, IDBC included four main
molecular subtypes including Luminal A, Luminal B, epidermal
growth factor receptor 2 (HER2)-enriched, and triple-negative
breast cancer (TNBC) (5, 6). More importantly, molecular
subtypes of IDBC are closely correlated with treatment strategies,
therapeutic effects, and clinical outcomes (7-9). Currently, IDBC
molecular subtyping mainly relied on pathological
immunohistochemistry (IHC) and gene expression profiling (10).
However, both THC and gene expression profiling are time-
consuming and depend on resection or biopsy specimens, in
which an accurate diagnosis before surgery is difficult to make.
(11) Therefore, there has been more attention on developing new
and noninvasive strategies to preoperatively assess molecular
subtypes for guiding clinical decisions. MRI is commonly used in
clinic for preoperative evaluation of breast cancer. Dynamic
contrast-enhanced MRI (DCE-MRI) has been reported to reflect
more detailed biological information of tumor through analyzing
tumorous hemodynamic features (12, 13). Several studies have
reported that texture features derived from DCE-MRI were
correlated with diverse biomarker levels, such as estrogen receptor
(ER), progesterone receptor (PR), and HER2 (14, 15).

Radiomics enables subtle imaging feature extraction and
quantification for exploring the underlying associations between
the features and tumoral pathophysiology (16). Recently, several
studies found that the radiomics features extracted from DCE-
MRI are partially correlated with the tumoral heterogeneity or
biological behavior, including molecular subtypes, Ki-67
expression, and therapeutic effect of neoadjuvant chemotherapy
(15, 17, 18). However, most previous studies mainly focused on
the intratumoral region while neglecting the areas surrounding the
tumor containing the peritumoral information. The interactions
between intratumoral cells and peritumoral elements influence
tumor evolution and progression (19). For example, interactions
between tumor cells and mesenchymal cells in the peritumoral
area could induce the cytokine release and promote the tumor
immunosuppressive microenvironment formation, leading to
tumor progression (20). Peritumoral edema and angiogenesis
are correlated with the malignant behavior of the tumor (21,
22). Several studies have explored the radiomics features in the

peritumoral areas based on various image types, such as
mammography, ultrasound, and MRI, and had preliminary
results in tumor diagnosis, biological indicator prediction, and
prognosis evaluation (23-25). Li et al. recently reported that the
radiomics features in the intra-/peritumoral regions based on
DCE-MRI are able to identify the HER2 and Ki-67 status in
breast cancer (26). In Li’s study, the peritumoral region was set as
4 mm from the tumor boundary; however, the optimal
peritumoral size for breast cancer has rarely been studied.

In this study, we first aimed to clarify the optimal peritumoral
region in differentiating the IDBC molecular subtypes. Moreover,
the radiomics features in the intratumoral and peritumoral areas
based on DCE-MRI were generated, and it was verified whether
radiomics analysis in DCE-MRI is helpful for the preoperative
discrimination of IDBC molecular subtypes.

METHODS AND MATERIALS

Patient Population

This study was approved by the institutional review boards from
both participating hospitals, and the requirement for informed
consent was waived. The data of 472 IDBC women from the First
Affiliated Hospital of Bengbu Medical College (Center 1, from
May 2016 to March 2021) and 141 IDBC women from Sir Run
Run Shaw Hospital, Zhejiang University (Center 2, from April
2018 to August 2019) were retrospectively analyzed. The patient
inclusion criteria were as follows: 1) underwent DCE-MRI scans
less than 1 month before biopsy or resection; 2) no surgery or
treatment before MRI scans; 3) all patients were pathologically
diagnosed by surgical resection sample or needle biopsy; and 4)
solitary tumor. Patient exclusion criteria were as follows: 1) more
than a month between histopathological examination and MRI
scans; 2) tumor size less than 1 cm; 3) patients with incomplete
clinical, imaging, and pathological data; 4) inadequate
image quality.

We finally included 422 women who met the criteria in this
study (Figure 1). In the binary classification analyses, 327
women from Center 1 were randomly divided into two
datasets at a ratio of 7:3 (228 in the training cohort and 99 in
the internal test cohort). A total of 95 women from Center 2 were
allocated to the external test cohort. To avoid overfitting in the
ternary classification analysis, given the difference in sample size,
all patients from Center 1 were allocated to the training cohort,
and patients from Center 2 comprised the test cohort.
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Analysis of Molecular Subtypes

The expressions of ER, PR, and HER2 for each patient were
recorded from IHC and fluorescence in situ hybridization (FISH)
results. The molecular subtypes were diagnosed in accordance with
the American Society of Clinical Oncology (ASCO)/College of
American Pathologists (CAP) guidelines (27). When at least 1% of
tumor cell nuclei exhibited positive staining for ER or PR, the
samples were considered as ER-positive or PR-positive,
respectively. For the expression status of HER2, a score of 3+
was defined as positive and a score of 0 or 1+ was considered
negative. And in the case of HER2 scores between 1+ and 3+,
samples will be further tested by FISH for a definite diagnosis.
According to the expression status of ER, PR, and HER2, IDBC
patients were subdivided into three molecular subtypes as HR-
positive (ER+ and/or PR+, HER2+, or HER2-), HER2-enriched
(ER-, PR-, and HER2+), and TNBC (ER-, PR-, and HER2-)
(Supplementary Table S1). Three binary classification tasks (task
1 as HR-positive vs HR-negative; task 2 as HER2-enriched vs non-
HER?2-enriched; task 3 as TNBC vs non-TNBC) were performed
for predicting the molecular subtypes. In addition, to further
analyze the overall molecular subtype differences, a ternary
classification task (task 4 as HR-positive vs HER2-enriched vs
TNBC) was developed.

MRI Examinations
For all patients enrolled in this study, images were obtained
respectively with two MRI scanners, a 3.0-T MRI scanner

(Philips Achieva, Center 1) and a 1.5-T scanner (GE Signa HD,
Center 2). All patients were positioned in the prone position and
scanned with a bilateral dedicated breast coil. T2WI, TIWI,
diffusion-weighted imaging (DWI), pre-contrast-enhancement
T1WI, and DCE were sequentially acquired. Gd-DTPA
(Magnevist) was used as the contrast agent in both centers. Pre-
contrast-enhancement TIWI was obtained prior to contrast agent
injection. For the DCE sequence, six phases (Center 1) and seven
phases (Center 2) were acquired after the end of high-pressure
syringe injection with 60 s (Center 1) and 70 s (Center 2) per
phase, respectively. In both centers, Gd-DTPA was intravenously
injected at a dose of 0.1 mmol/kg and at a flow rate of 2 ml/s, and
20-30 ml of saline flush was subsequently injected at the same flow
rate. Detailed parameters are listed in Supplementary Table S2.

Radiomics Feature Processing

As previous studies suggested, the contrast between the mass of
breast cancer and background reached a peak at 60-120 s after
contrast injection (28, 29). In this study, we selected the first
phase of DCE-MRI from Center 1 and Center 2 to segment the
region of interest (ROI). The normalization preprocessing of
images is necessary before ROI segmentation since images are
from two hospitals. Based on the slice thickness and pixel
spacing, we performed image isotropic resampling and set new
spacing to (1, 1, 1) to prevent image distortion caused by
different scanners. The default window width and window level
were read for each slice to get the average gray value of the whole
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3D data, and the gray values of all slices were normalized to the
range (1, 4097) using a linear transformation. After image
preprocessing, intratumoral ROIs were annotated on a
“DARWIN intelligent research platform” by two radiologists
(Reader 1 SZ and Reader 2 XW) with more than five years of
experience, and they were blinded to the patients’ clinical,
radiological, and pathological data. The intratumoral ROIs
were manually delimitated by Reader 1 slice by slice on the
first phase of axial DCE-MRI images. Considering that the lesion
boundaries are sensitive to partial-volume effects on MRI, the
boundaries of the intratumoral ROI is slightly smaller than the
lesion boundary observed by human eyes (30). After 1 month,
10% of the images were randomly selected from Center 1 and
Center 2, and the intratumoral ROIs of the selected images were
segmented again by Reader 1 and Reader 2 to calculate the inter-/
intraclass correlation coefficient (ICC) for evaluating

segmentation reproducibility. Since different peritumoral
regions within 10 mm of the tumor may be closely associated
with tumor vascular density, lymph node metastasis, and
biomarkers, we set four peritumoral ranges of 2, 4, 6, and
8 mm, drawing on a previous peritumoral radiomics study (22,
31). The 2-, 4-, 6-, and 8-mm peritumoral ROIs are ring-like
regions obtained by automatically expanding the intratumoral
ROIs slice by slice (Figure 2). After segmentation, the three-
dimensional ROIs of the intratumoral and peritumoral regions
were obtained. To further amplify the abundance of features,
the intratumoral and peritumoral ROIs in the original
image underwent six image-filtering processes, including
squared filtering, square root filtering, exponential filtering,
logarithm filtering, Laplacian of Gaussian (LOG) filtering, and
wavelet filtering. Finally, a total of 1,316 radiomics features were
automatically extracted over the original and derived filtered

FIGURE 2 | Schematic illustration of intratumoral and peritumoral ROl segmentation. The example segmentation is from Center 1, a 47-year-old woman diagnosed
with a left-sided IDBC, 29 mm, Luminal B (HER2-positive). (A) Maximal cross-sectional of tumor on the first phase DCE-MRI image. (B) The 3D visualization
intratumoral ROI with layer-by-layer delineation. (C~F) The red masks are the intratumoral ROls, and the peritumoral ROls are annular masks that automatically
shape-modulated the intratumoral ROIs with sizes of 2 mm (yellow), 4 mm (green), 6 mm (blue), and 8 mm (purple).
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ROIs based on an open-source Python package: Pyradiomics
(https://pyradiomics.readthedocs.io).

To prevent the influence of the magnitude difference between
features on feature selection, we normalized the feature
magnitude before feature dimensionality reduction. All features
were transformed to between (-1, 1) by using the maximum
absolute value normalization method. In the first feature
selection step, features were retained if both inter-/intraclass
correlation coefficients > 0.75. Then, a statistical feature selection
method named “Select K Best” with f_calssif function were used
to further reduce feature dimensionality. The threshold for K was
set to 20 while calculating the F statistics of ANOVA and
retaining the features with F values in the top 20%. Finally, an
embedded feature selection method, L1-regularized support
vector machine (SVM-L1), was used to filter out the optimal
radiomics features. More details about image filtering and feature
normalization processing are given in the Supplementary
Materials and Methods.

Clinical-Radiological Characteristics

Clinical characteristics including age, mass palpation (firmness
and mobility), and menopausal status were obtained by
reviewing the patient’s clinical records. Radiological
characteristics including tumor size, background parenchymal
enhancement (BPE), fibro glandular tissue (FGT), margin
sharpness, and short diameter of axillary lymph node (ALN)
were evaluated mainly by two other radiologists (Reader 3 ZY
with 4 years of experience in MRI diagnosis, and Reader 4 YZ
with 6 years of experience). In cases of disagreement, Reader 5
(ZX) with 14 years of experience made the final decision. After
univariate and multivariate logistic regression analyses, the
selected characteristics were used to be the clinical-radiological
independent predictors for predicting molecular subtypes in the
four classification tasks. More details about the clinical-
radiological characteristics processing are given in the
Supplementary Materials and Methods.

Model Construction and Validation

An overview of the radiomics analysis pipeline is shown in
Figure 3. SVM was used as a classifier to construct the
intratumoral radiomics model (IRM) and 2-, 4-, 6-, and 8-mm
peritumoral radiomics model (PRM) with the selected radiomics
features, and Rad-scores for each model were calculated. In tasks
1-3, the receiver operating characteristic (ROC) curves were
plotted to evaluate the performance of each PRM, and the area
under the ROC curves (AUC) was performed to select the
optimal PRM. In task 4, a confusion matrix was plotted to
calculate the accuracy of PRM, and the optimal PRM was
selected. Subsequently, the combined intra- and peritumoral
radiomics model (CIPRM) was developed based on the
intratumoral and optimal peritumoral Rad-score. Clinical-
radiological independent predictors in the training cohort were
used to establish clinical-radiological models (CMs) by logistic
regression. Finally, we used the intratumoral Rad-score, the
optimal peritumoral Rad-score, and clinical-radiological
independent predictors to develop the combined clinical-
radiological and radiomics models (CCRMs).

In tasks 1-3, the ROCs were plotted to assess the performance
of each model, and DeLong test was used to select the optimal
model and to evaluate the consistency of the model in the
training cohort, the internal test cohort, and the external test
cohort. Tenfold cross-validation was applied to evaluate model
stability. Nomogram, calibration curve, and decision curve
analysis (DCA) were depicted to visualize models, evaluate
model fit, and analyze clinical usefulness, respectively. In task
4, a confusion matrix was used to describe the performance of
ternary classification models.

Statistical Analysis

All statistical analyses were performed using the SPSS 22.0 software
(SPSS, Chicago, IL) and R software (Version 4.1.0). Kolmogorov-
Smirnov test was used to test the data normality. In binary
classification tasks, independent-sample t-test, Mann-Whitney U
test, and binary logistic regression analysis were used to assess the
association between the molecular subtypes and features. And in the
ternary classification task, ANOVA, Kruskal-Wallis test, and
multinomial logistic regression analysis were used to analyze the
association between the molecular subtypes and features. ICC > 0.75
was considered to indicate good reproducibility of segmentation.
Delong test was used to compare the differences of ROCs. P < 0.05
was considered statistically significant.

RESULTS

Patient Characteristics

A total of 422 patients from Center 1 (327 cases, 49.61 + 9.36 years)
and Center 2 (95 cases, 51.55 + 9.15 years) were included in this study.
HR-positive is the most common subtype and comprised 69.4% of
cases (293/422), and HER2-enriched was the least common
accounting for 14.0% of cases (59/422). The difference of clinical-
radiological and pathological characteristics in the training, internal,
and external test cohorts is not statistically significant different. The
detailed clinical-radiological and pathological characteristics are
described in Table 1. And the clinical-radiological independent
predictors in tasks 1-4 are shown in Supplementary Figure S1
and Supplementary Table S3. The logistic regression analysis
showed that a short diameter of the axillary lymph node (ALN) (P
<0.001, OR = 0.264, 95% confidence interval [CI]: 0.146-0.479) and
mass palpation (mobility) (P = 0.018, OR = 0.376, 95% CI: 0.168-
0.843) were selected as independent predictors in task 1; margin
sharpness (P = 0.025, OR = 3.146, 95% CI: 1.158-8.547) and short
diameter of ALN (P = 0.004, OR = 2.374, 95% CI:1.312-4.298) were
selected as independent predictors in task 2; the short diameter of
ALN (P =0.003, OR = 2.886, 95% CI:1.436-5.800) was selected as an
independent predictor in task 3. For task 4, tumor size was selected as
an independent predictor.

Radiomics Features

Out of the 1,316 extracted radiomics features from the intratumor,
82.8% (1,089 features) were retained when ICCs > 0.75. The
peritumor retained the same 1,089 features as the intratumor.
Based on the predicted labels for tasks 1-4, 217 features were
retained by the f_calssif function. After being filtered by SVM-L1,
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Characteristics

Number
Molecular subtypes®

a

Age’

Tumor size®

BPE®

FGT®

Margin sharpness®

Short diameter of ALN®

Mass palpation (Firmness)®

Mass palpation (Mobility) ©

Menopausal Status®

HR-positive
HER2-enriched
TNBC

Minimal
Mild
Moderate
Marked

Dense
Non-dense

Clear
Blurry

<5mm
>5mm

Soft
Hard

Pushable
Non-pushable

Premenopausal
Postmenopausal

All patients

422

293 (69.4%)
59 (14.0%)

70 (16.6%)

50.05 + 9.33
21 (16-28)

18 (4.3%)
208 (54%)
123 (29.1%)
53 (12.6%)

120 (28.4%)
302 (71.6%)

84 (19.9%)
338 (80.1%)

282 (66.8%)
140 (33.2%)

67 (15.9%)
355 (84.1%)

112 (26.5%)
310 (73.5%)

216 (51.2%)
206 (48.8%)

Training
228

153 (67.1%)
32 (14.0%)
43 (18.9%)
49.71 + 8.89
21 (16-28)

10 (4.4%)

131 (57.5%)
63 (27.6%)
24 (10.5%)

66 (28.9%)
162 (71.1%)

45 (19.7%)
183 (80.3%)

149 (65.4%)
79 (34.6%)

33 (14.5%)
195 (85.5%)

53 (23.2%)
175 (76.8%)

117 (51.3%)
111 (48.7%)

Internal test

99

67 (67.7%)
18 (18.2%)
14 (14.1%)
49.39 + 10.39
22 (16-30)

3 (3%)
48 (48.5%)
30 (30.3%)
18 (18.2%)

27 (27.3%)/
72 (72.7%)

14 (14.1%)
85 (85.9%)

61 (61.6%)
38 (38.4%)

17 (17.2%)/
82 (82.8%)

30 (30.3%)
69 (69.7%)

57 (57.6%)
42 (42.4%)

External test statistics
95 -

8.791¢

73 (76.8%)

9 (9.5%)

13 (13.7%)
51.54 + 9.15 2.218°
20 (15-25) 5.899¢
0.4344

5 (5.3%)

49 (51.6%)

30 (31.6%)

11 (11.6%)
0.095¢

27 (28.4%)

68 (71.6%)
2.567¢

25 (26.3%)

70 (73.7%)
5.007¢

71 (74.7%)

24 (25.3%)
5.886¢

17 (17.9%)

78 (82.1%)
1.0919

29 (30.5%)

66 (69.5%)
2.4824

42 (44.2%)

53 (55.8%)

0.186

0.11

0.052

0.805

0.954

0.168

0.082

0.053

0.58

0.289

Characteristics®: The measurement data conforming to the normal distribution were expressed as mean + standard deviation.
Characteristics®: The non-normally distributed measurement data were expressed as median (lower quartile-upper quartile).

Characteristics®: The enumeration data were expressed as frequency (constituent ratio); Statistic %: H-value; Statistic ©: F-value; P is derived from univariate association analyses between
each of the Patients Characteristics and Molecular subtypes, and P < 0.05 is considered statistically significant. ALN, axillary lymph node; BPE, background parenchymal enhancement;
FGT fibro glandular tissue; HER2, human epidermal growth factor receptor 2; HR hormone receptor; TNBC triple-negative breast cancer.
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optimal intra-/peritumoral radiomics features were selected to
construct the classification models (Table $4). Among the selected
features, features based on the wavelet filtering images occupied
the highest proportion (49.30%, 35:71), followed by features based
on original images (21.13%, 15:71).

Optimal Peritumoral Model Selection

Table 2 summarizes the performance of PRMs in binary
classification tasks (tasks 1-3). The 6-mm PRM was selected as
the optimal peritumoral size in task 1 (AUC: 0.794, 95% CI:
0.735-0.844) and task 3 (AUC: 0.906, 95% CI: 0.860-0.941). And
the 8-mm PRM achieved the highest AUC (0.784, 95% CI:
0.741-0.823) in task 2. In task 4, the 6-mm peritumoral model
showed the highest accuracy (0.697) from the confusion matrix.

Model Performance

In tasks 1-3, DeLong test showed that the models combined with
peritumoral radiomics features exhibited higher performance
compared to the individual models (Table 3). The CCRMs
yielded optimal performance, and ROC analyses showed that
the AUCs were 0.838, 0.827, and 0.791 in training, internal test,
and external test cohorts of task 1, respectively; 0.848, 0.813, and
0.707 in task 2, respectively; 0.930, 0.879, and 0.852 in task 3,
respectively (Table 4 and Figure 4). Internal and external tests

proved that the models had satisfactory repeatability. After the
10-fold cross-validation, CCRMs performed excellent stability
(Supplementary Figure S2). In addition, DeLong test showed
that the CCRMs have good consistency in the training, internal,
and external test cohorts of tasks 1-3 (P > 0.05, Table 5). The
nomograms of the CCRMs showed that intratumoral and
peritumoral Rad-scores were given higher weighting compared
to the clinical-radiological independent predictors (Figure 5).
The calibration curves illustrated that CCRMs are in excellent
agreement with the ideal curve, and the DCA demonstrated that
CCRMs have a high overall net benefit (Figure 6). In task 4,
CIPRM instead of CCRM had the highest accuracy (training
cohort: 0.697; test cohort: 0.663) and the highest Fl-score
(training cohort: 0.79; test cohort: 0.76) from the confusion
matrix among the five models (Figure 7 and Supplementary
Table S5, Supplementary Figure S3).

DISCUSSION

In this multitask radiomics analysis, we developed the
noninvasive radiomics models based on DCE-MRI to
preoperatively predict molecular subtypes of IDBC. The
subtype classification results of both the individual models and

TABLE 2 | Performance of peritumoral models in tasks 1-3.

Task Peritumoral Size AUC (95%Cl) Sensitivity Specificity
Task 1 2 mm 0.681 (0.616-0.741) 73.86 61.33
4 mm 0.725 (0.662-0.782) 71.90 69.33
6 mm 0.794 (0.735-0.844) 63.41 86.67
8 mm 0.751 (0.689-0.805) 7712 65.33
Task 2 2mm 0.642 (0.576-0.704) 55.56 70.51
4 mm 0.744 (0.683-0.800) 66.67 72.44
6 mm 0.728 (0.665-0.785) 69.44 69.87
8 mm 0.784 (0.741-0.823) 79.84 65.23
Task 3 2 mm 0.787 (0.728-0.838) 95.01 54.26
4 mm 0.751 (0.690-0.806) 80.00 60.64
6 mm 0.906 (0.860-0.941) 98.62 69.5
8 mm 0.769 (0.709-0.822) 72.5 76.06

Task 1: Classification task for prediction of HR-positive and HR-negative. Task 2: classification task for prediction of HER2-enriched and non-HER2-enriched. Task 3: classification task for
the prediction of TNBC and non-TNBC. AUC, Area under the curve; Cl, Confidence interval.

TABLE 3 | Pairwise comparison of ROC curves in tasks 1-3.

Models Task 1 Task 2 Task 3

Z Statistic P Z Statistic P Z Statistic P
CM vs IRM 2.821 0.005* 3.394 < 0.001* 3.908 < 0.001*
CM vs PRM 2.271 0.023* 3.855 < 0.001* 5.947 < 0.001*
CM vs CIPRM 3.408 < 0.001* 4.799 < 0.0001* 6.315 < 0.001*
CM vs CCRM 4.093 < 0.001* 5.296 < 0.0001* 6.476 < 0.001*
IRM vs PRM 0.591 0.554 0.409 0.683 1.879 0.06
IRM vs CIPRM 1.551 0.121 1.512 0.131 3.267 0.001*
IRM vs CCRM 1.775 0.076* 1.964 0.05* 3.388 < 0.001*
PRM vs CIPRM 2.197 0.028* 1.755 0.079* 1.992 0.046*
PRM vs CCRM 2.467 0.014* 2.516 0.012* 2.073 0.038*
CIPRM vs CCRM 0.9 0.368 1.495 0.135 0.74 0.459

P is derived from Delong test between each of the models, and P* < 0.05 is considered statistically significant. CM, clinical-radiological model; CIPRM, combined intra- and peritumoral
radiomics model; CCRM, combined clinical-radiological and radiomics model; IRM, intratumoral radiomics model; PRM, peritumoral radiomics model.
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TABLE 4 | Summary of five models’ performance in training, internal test, and external test cohorts of tasks 1-3.

Task Models Training Cohort Internal Test Cohort External Test Cohort

AUC (95%Cl) Sensitivity Specificity AUC (95%Cl) Sensitivity Specificity AUC (95%Cl) Sensitivity Specificity

Taski CM 0.697 (0.633-0.756)
IRM 0.811 (0.754-0.859
PRM 0.794 (0.735-0.844)
CIPRM  0.832 (0.777-0.878
CCRM  0.838 (0.784-0.884

75.82% 56% 0.614 (0.511-0.710
73.20% 78.67%  0.767 (0.672-0.846
63.40% 86.67%  0.799 (0.706-0.873
83.66% 70.67%  0.789 (0.695-0.864
70.59% 86.67%  0.827 (0.738-0.896
Task2 CM 0.659 (0.593-0.720 48.61% 77.56%  0.616 (0.513-0.712 54.84% 66.18% 0.534 (0.429-0.637] 22.50% 86.67%

IRM 0.800 (0.742-0.850 70.83% 76.28%  0.671 (0.569-0.762 48.39% 80.88% 0.607 (0.501-0.705 55% 73.33%

( ) ( ) 52.24% 68.75%  0.586 (0.481-0.686)
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
PRM  0.815(0.758-0.863)  87.50% 64.10%  0.813(0.722-0.884)  70.97% 85.29%  0.737 (0.636-0.822)  93.75% 60.00%
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )

68.66% 84.37% 0.791 (0.696-0.868
71.64% 84.37% 0.682 (0.578-0.774
67.16% 81.25% 0.788 (0.692-0.865
71.64% 84.37% 0.791 (0.696-0.868

56.16% 59.09%
61.64% 86.36%
76.71% 63.64%
75.34% 72.73%
75.34% 72.73%

CIPRM  0.838 (0.784-0.884 77.78% 76.28%  0.801 (0.708-0.874 67.74% 83.82% 0.699 (0.596-0.789 48.75% 86.67%
CCRM  0.848 (0.795-0.892 81.94% 76.92%  0.813 (0.722-0.884, 77.42% 77.94% 0.707 (0.604-0.796 50% 86.67%
Task3 CM 0.628 (0.562-0.691 57.50% 68.09%  0.654 (0.552-0.747 58.82% 71.95% 0.666 (0.561-0.759 53.85% 79.27%
IRM 0.843 (0.790-0.888 85% 66.49%  0.838 (0.750-0.904 70.59% 90.24% 0.792 (0.696-0.868 61.54% 84.15%
PRM 0.906 (0.860-0.941 100% 67.55%  0.877 (0.795-0.934 76.47% 87.80% 0.852 (0.764-0.916 92.31% 76.83%
CIPRM  0.928 (0.887-0.958 90% 82.45%  0.877 (0.795-0.934 76.47% 87.80% 0.792 (0.696-0.868 61.54% 84.15%
CCRM  0.930 (0.888-0.959 92.50% 81.38%  0.879 (0.799-0.936 76.47% 87.80% 0.852 (0.764-0.916 69.23% 89.02%

AUC, area under the curve; Cl, confidence interval; CM, clinical-radiological model; CIPRM, combined intra- and peritumoral radiomics model; CCRM, combined clinical-radiological and
radiomics model; IRM, intratumoral radiomics model; PRM, peritumoral radiomics model.
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FIGURE 4 | Receiver operating characteristic (ROC) curves of five models in the training, internal, and external test cohorts of task 1 (HR-positive vs HR-negative,
(A) training cohort, (B) internal test cohort, (C) external test cohort), task 2 (HER2-enriched vs non-HER2-enriched, (D) training cohort, (E) internal test cohort, (F)
external test cohort), and task 3 (TNBC vs non-TNBC, (G) training cohort, (H) internal test cohort, (I) external test cohort).
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TABLE 5 | Delong Test between Training Cohort, Internal Test Cohort, and External Test Cohort in tasks 1-3.

Tasks Compares z P
Task 1 External Test Cohort vs Internal Test Cohort 0.514 P =0.6075
External Test Cohort vs Training Cohort 0.772 P =0.4400
Internal Test Cohort vs Training Cohort 0.216 P =0.8292
Task 2 External Test Cohort vs Internal Test Cohort 1.154 P =0.2485
External Test Cohort vs Training Cohort 1.711 P =0.0871
Internal Test Cohort vs Training Cohort 0.634 P =0.5260
Task 3 External Test Cohort vs Internal Test Cohort 0.41 P =0.6821
External Test Cohort vs Training Cohort 1.32 P =0.1868
Internal Test Cohort vs Training Cohort 1.193 P =0.2329

P is derived from Delong test between each of the ROCs, and P < 0.05 is considered statistically significant.
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FIGURE 5 | Nomogram of CCRMs in tasks 1-3. (A) Nomogram of CCRMs for the prediction of HR-positive and HR-negative in task 1. (B) Nomogram of CCRMs
for the prediction of HER2-enriched and non-HER2-enriched in task 2. (C) Nomogram of CCRMs for the prediction of TNBC and non-TNBC in task 3.
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combined models showed reasonable distinguishing
performance. And the CCRMs achieved excellent predictive
performance for predicting molecular subtypes in the binary
classification tasks. In contrast to an individual clinical-
radiological model or a radiomics model, the combined model
with optimized peritumoral radiomics features has higher
predictive values for the molecular subtypes of IDBC.

The microenvironment surrounding breast cancer has been
reported to contain important biological information that may
result in subtle changes on MRI images (20, 22, 32, 33). However,
the optimal peritumoral area size for breast cancer on DCE-MRI
remains controversial. Wang et al. found that the radiomics features
extracted from the 3-mm peritumoral region could differentiate
benign and malignant breast lesions on contrast-enhanced
mammography (25). Li et al. extracted intratumoral and 4-mm
peritumoral radiomics features to predict the expression of HER2
and Ki-67 in breast cancer, and their models achieved good
performance (26). In our study, 6 mm was determined as the
optimal peritumoral size in tasks 1, 3, and 4, and 8 mm was
determined as the optimal peritumoral size in task 2. In
agreement with our findings, Ding et al. also analyzed radiomics
features of multiple peritumoral areas, and they found that 4-, 6-,
and 8-mm peritumoral radiomics features could further improve
the performance of lymph node metastasis radiomics models in
breast cancer (31). Our results demonstrate the excellent prediction
performance of peritumoral radiomics features and suggest that the
optimal peritumoral size should be selected based on the predictive
label, which could further optimize the performance of the model.

The SVM is one of most frequently used machine-learning
methods for solving classification problems, which is not
susceptible to feature colinearity and is not prone to overfitting
(34). In this study, we used the SVM to construct several high-
performance and stable radiomics models. In tasks 1-3, CCRMs
exhibited higher performance compared to other models. After
internal test, external test, and 10-fold cross-validation, CCRMs
showed satisfactory repeatability and stability. In the three binary
classification tasks, the CCRM identifying TNBC vs non-TNBC
exhibited the highest AUC. Our results are consistent with previous
studies. Son et al. constructed three models for predicting molecular
subtypes of breast cancer based on digital breast tomosynthesis
(DBT), and they suggested that the radiomics features were superior
for predicting TNBC over HER2 and luminal-like subtypes (AUC:
0.838, 0.556, and 0.645) (35). Doris et al. reported that radiomics
features extracted from multiparametric MRI could noninvasively
assess breast cancer molecular subtypes (Accuracy: 0.852, AUC:
0.860) (15). Compared to these results, the binary classification
models developed in our study exhibit better differentiable
capability, and this may be due to the fact that our study is based
on 3D segmentation and optimized the peritumoral ROIs, which
could obtain more comprehensive tumor information.

Comparatively, the model performance was not adequate in task 4
(training cohort: 0.697; test cohort: 0.663). The result is in agreement
with a recent study by Huang et al. who built ternary classification
MRI-based models to predict molecular subtypes of breast cancer
(accuracy, 0.623-0.735) (36). Although we incorporated the optimal
peritumoral features, the performance is still unsatisfactory in the

ternary classification task. We argue that the molecular heterogeneity
of the IDBC may lead to the diversification of radiomics features,
which could be amplified in the ternary classification model resulting
in reduced performance. Particularly, the optimal model (CIPRM) in
task 4 did not incorporate a clinical-radiological feature, which was
the result of the collinearity that exists between the radiomics shape
feature maximum 2D diameter and the clinical-radiological feature
tumor size.

Previous studies have reported that voxel size resampling and
gray level normalization could reduce the variability of radiomics
features (37, 38). In our study, we validated the radiomics-based
classification models for evaluating the generalization ability of the
models by external test cohort from center 2. As different centers
have different protocols for imaging, we utilized image resampling
and normalization before ROI segmentation to help mitigate the
effects of data heterogeneity. After pairwise comparisons of the
training cohort, the internal test cohort, and the external test cohort,
Delong test showed that the ROC of CCRM was not statistically
significantly different between the three groups. This result may
indicate that the difference of imaging protocols in the two centers
had a negligible effect on the models constructed after image
preprocessing. However, the external test cohort revealed
relatively low AUC compared to other groups, which may be due
to the fact that image preprocessing did not completely eliminate
the differences of imaging protocols in the two centers, and the
sample size of the external test cohort was relatively small.

Moreover, our results suggest that there might be unique
radiomics features in intratumoral and peritumoral regions
associated with microscopic morphological alterations in
molecular subtypes. Among the radiomics features included in
this study, wavelet features accounted for the highest proportion,
which may suggest that the features from wavelet-filtered DCE-
MRI potentially associated with IDBC molecular subtypes. In
consistent with our results, Li et al. extracted wavelet features for
predicting HER2 and Ki-67 expression status and suggested that
wavelet features contain more detailed information about breast
cancer (26). In addition, second- and higher-order texture
features accounted for a higher proportion (56.34%) compared
to shape features and first-order statistical features, suggesting
that regional or local variation predominates over global
variation in the distribution of different molecular subtypes (39).

Several limitations exist in this study. First, this is a retrospective
study, leading to inevitable selection bias. Moreover, molecular
subtypes are derived from IHC results at two hospitals but not from
formal genetic testing, which might result in unstable results from
the external test cohort. Third, in our study, the proportion of the
peritumoral size was not adjusted for the size of the tumor itself.
More detailed subgroup analysis according to different tumor sizes
should be further studied to illustrate the wide applicability of the
tumor outer margin. Finally, this study only constructed the
radiomics models based on the first phase of DCE-MRI and did
not analyze the whole DCE-MRI sequence, and further radiomics
research on different phases of DCE-MRI is needed in the future.

In conclusion, this study further demonstrates the feasibility of
preoperative radiomics analysis in predicting the molecular
subtypes of IDBC. Combining the radiomics features of the
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intratumoral and the optimal peritumoral region from early DCE-
MRI could effectively predict the HR-positive, HER2-enriched, and
TNBC molecular subtypes of IDBC and potentially provide
guidance for preoperative clinical decision-making.

DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in
the article/Supplementary Material. Further inquiries can be
directed to the corresponding authors.

ETHICS STATEMENT

Written informed consent was not obtained from the individual
(s) for the publication of any potentially identifiable images or
data included in this article.

AUTHOR CONTRIBUTIONS

Guarantor of integrity of the entire study: ZX and HS. Study
concepts and design: SZ. Literature research: XW, ZY, and NZ.

REFERENCES

1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer Statistics, 2021. CA A Cancer
J Clin (2021) 71:7-33. doi: 10.3322/caac.21654

2. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al.
Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and
Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer ] Clin
(2021) 71:209-49. doi: 10.3322/caac.21660

3. Arps DP, Healy P, Zhao L, Kleer CG, Pang JC. Invasive Ductal Carcinoma
With Lobular Features: A Comparison Study to Invasive Ductal and Invasive
Lobular Carcinomas of the Breast. Breast Cancer Res Treat (2013) 138:719-
26. doi: 10.1007/s10549-013-2493-2

4. Samanta A, Sarkar A. Altered Expression of ERK, Cytochrome-C, and HSP70
Triggers Apoptosis in Quinacrine-Exposed Human Invasive Ductal
Carcinoma Cells. Biomedicine Pharmacotherapy (2021) 139:111707.
doi: 10.1016/j.biopha.2021.111707

5. Perou CM, Serlie T, Eisen MB, van de Rijn M, Jeffrey SS, Rees CA, et al.
Molecular Portraits of Human Breast Tumours. Nature (2000) 406:747-52.
doi: 10.1038/35021093

6. Huber KE, Carey LA, Wazer DE. Breast Cancer Molecular Subtypes in
Patients With Locally Advanced Disease: Impact on Prognosis, Patterns of
Recurrence, and Response to Therapy. Semin Radiat Oncol (2009) 19:204-10.
doi: 10.1016/j.semradonc.2009.05.004

7. Lind AP, Anderson PC. Predicting Drug Activity Against Cancer Cells by Random
Forest Models Based on Minimal Genomic Information and Chemical Properties.
PL0S One (2019) 14:€0219774. doi: 10.1371/journal.pone.0219774

8. He Z, Zhang ], Yuan X, Xi ], Liu Z, Zhang Y. Stratification of Breast Cancer by
Integrating Gene Expression Data and Clinical Variables. Molecules (2019)
24:631. doi: 10.3390/molecules24030631

9. Voduc KD, Cheang MCU, Tyldesley S, Gelmon K, Nielsen TO, Kennecke H.

Breast Cancer Subtypes and the Risk of Local and Regional Relapse. JCO

(2010) 28:1684-91. doi: 10.1200/JC0O.2009.24.9284

Nielsen TO, Hsu FD, Jensen K, Cheang M, Karaca G, Hu Z, et al.

Immunohistochemical and Clinical Characterization of the Basal-Like

Subtype of Invasive Breast Carcinoma. Clin Cancer Res (2004) 10:5367-74.

doi: 10.1158/1078-0432.CCR-04-0220

10.

Data acquisition: SZ, JH, NZ, and YL. Clinical studies: YZ, XW,
and ZX. Data analysis and interpretation: SZ and XW. Statistical
analysis: SZ and XW. Manuscript preparation: SZ. Manuscript
editing: SZ and HS. All authors contributed to the article and
approved the submitted version.

FUNDING

This study has received funding by Key Project of Natural
Science Research in Anhui Universities (KJ2019A0402),
“Science and Technology Innovation Action Plan” Star
Cultivation (Sailing Program) (22YF1443600), and Shanghai
Municipal Key Clinical Specialty (shslczdzk03202).

ACKNOWLEDGMENTS

We thank Hao Liu, Ph.D. (Yizhun Medical AI Co., Ltd), for his
kind help with the excellent technical support.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2022.
905551/full#supplementary-material

11. Arpino G, Generali D, Sapino A, Del Matro L, Frassoldati A, de Laurentis M,
et al. Gene Expression Profiling in Breast Cancer: A Clinical Perspective.
Breast (2013) 22:109-20. doi: 10.1016/j.breast.2013.01.016

Kuhl CK, Schrading S, Bieling HB, Wardelmann E, Leutner CC, Koenig R,
et al. MRI for Diagnosis of Pure Ductal Carcinoma in Situ: A Prospective
Observational Study. Lancet (2007) 370:485-92. doi: 10.1016/S0140-6736(07)
61232-X

Leithner D, Wengert GJ, Helbich TH, Thakur S, Ochoa-Albiztegui RE, Morris
EA, et al. Clinical Role of Breast MRI Now and Going Forward. Clin Radiol
(2018) 73:700-14. doi: 10.1016/j.crad.2017.10.021

Song L, Li C, Yin J. Texture Analysis Using Semiquantitative Kinetic
Parameter Maps From DCE-MRI: Preoperative Prediction of HER2 Status
in Breast Cancer. Front Oncol (2021) 11:675160. doi: 10.3389/
fonc.2021.675160

Leithner D, Mayerhoefer ME, Martinez DF, Jochelson MS, Morris EA, Thakur
SB, et al. Non-Invasive Assessment of Breast Cancer Molecular Subtypes With
Multiparametric Magnetic Resonance Imaging Radiomics. JCM (2020)
9:1853. doi: 10.3390/jcm9061853

Avanzo M, Stancanello J, El Naqa I. Beyond Imaging: The Promise of
Radiomics. Physica Med (2017) 38:122-39. doi: 10.1016/j.ejmp.2017.05.071
Fan M, Yuan W, Zhao W, Xu M, Wang S, Gao X, et al. Joint Prediction of
Breast Cancer Histological Grade and Ki-67 Expression Level Based on DCE-
MRI and DWI Radiomics. IEEE ] BioMed Health Inform (2020) 24:1632-42.
doi: 10.1109/JBHI.2019.2956351

Liu Z, Feng B, Li C, Chen Y, Chen Q, Li X, et al. Preoperative Prediction of
Lymphovascular Invasion in Invasive Breast Cancer With Dynamic Contrast-
Enhanced-MRI-Based Radiomics. /] Magn Reson Imaging (2019) 50:847-57.
doi: 10.1002/jmri.26688

Kessenbrock K, Plaks V, Werb Z. Matrix Metalloproteinases: Regulators of the
Tumor Microenvironment. Cell (2010) 141:52-67. doi: 10.1016/
j.cell.2010.03.015

Liu Z, Mi M, Li X, Zheng X, Wu G, Zhang L. A IncRNA Prognostic Signature
Associated With Immune Infiltration and Tumour Mutation Burden in Breast
Cancer. ] Cell Mol Med (2020) 24:12444-56. doi: 10.1111/jcmm.15762
Moradi B, Gity M, Etesam F, Borhani A, Ahmadinejad N, Kazemi MA.
Correlation of Apparent Diffusion Coefficient Values and Peritumoral Edema

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Frontiers in Oncology | www.frontiersin.org

June 2022 | Volume 12 | Article 905551


https://www.frontiersin.org/articles/10.3389/fonc.2022.905551/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.905551/full#supplementary-material
https://doi.org/10.3322/caac.21654
https://doi.org/10.3322/caac.21660
https://doi.org/10.1007/s10549-013-2493-2
https://doi.org/10.1016/j.biopha.2021.111707
https://doi.org/10.1038/35021093
https://doi.org/10.1016/j.semradonc.2009.05.004
https://doi.org/10.1371/journal.pone.0219774
https://doi.org/10.3390/molecules24030631
https://doi.org/10.1200/JCO.2009.24.9284
https://doi.org/10.1158/1078-0432.CCR-04-0220
https://doi.org/10.1016/j.breast.2013.01.016
https://doi.org/10.1016/S0140-6736(07)61232-X
https://doi.org/10.1016/S0140-6736(07)61232-X
https://doi.org/10.1016/j.crad.2017.10.021
https://doi.org/10.3389/fonc.2021.675160
https://doi.org/10.3389/fonc.2021.675160
https://doi.org/10.3390/jcm9061853
https://doi.org/10.1016/j.ejmp.2017.05.071
https://doi.org/10.1109/JBHI.2019.2956351
https://doi.org/10.1002/jmri.26688
https://doi.org/10.1016/j.cell.2010.03.015
https://doi.org/10.1016/j.cell.2010.03.015
https://doi.org/10.1111/jcmm.15762
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Zhang et al.

Molecular Subtypes Prediction in IDBC

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

With Pathologic Biomarkers in Patients With Breast Cancer. Clin Imaging
(2020) 68:242-8. doi: 10.1016/j.clinimag.2020.08.020

Planeix F, Siraj MA, Bidard FC, Robin B, Pichon C, Sastre-Garau X, et al.
Endothelial Follicle-Stimulating Hormone Receptor Expression in Invasive
Breast Cancer and Vascular Remodeling at Tumor Periphery. ] Exp Clin
Cancer Res (2015) 34:12. doi: 10.1186/s13046-015-0128-7

Zhang X, Yang Z, Cui W, Zheng C, Li H, Li Y, et al. Preoperative Prediction of
Axillary Sentinel Lymph Node Burden With Multiparametric MRI-Based
Radiomics Nomogram in Early-Stage Breast Cancer. Eur Radiol (2021)
31:5924-39. doi: 10.1007/s00330-020-07674-z

Sun Q, Lin X, Zhao Y, Li L, Yan K, Liang D, et al. Deep Learning vs. Radiomics
for Predicting Axillary Lymph Node Metastasis of Breast Cancer Using
Ultrasound Images: Don’t Forget the Peritumoral Region. Front Oncol
(2020) 10:53. doi: 10.3389/fonc.2020.00053

Wang S, Sun Y, Li R, Mao N, Li Q, Jiang T, et al. Diagnostic Performance of
Perilesional Radiomics Analysis of Contrast-Enhanced Mammography for the
Differentiation of Benign and Malignant Breast Lesions. Eur Radiol (2021)
32:639-49. doi: 10.1007/s00330-021-08134-y

Li C, Song L, Yin J. Intratumoral and Peritumoral Radiomics Based on
Functional Parametric Maps From Breast DCE-MRI for Prediction of HER-2
and Ki-67 Status. ] Magn Reson Imaging (2021) 54:703-14. doi: 10.1002/
jmri.27651

Hammond ME, Hayes DF, Dowsett M, Allred DC, Hagerty KL, Badve S, et al.
American Society of Clinical Oncology/College of American Pathologists
Guideline Recommendations for Immunohistochemical Testing of Estrogen
and Progesterone Receptors in Breast Cancer (Unabridged Version). Arch
Pathol Lab Med (2010) 134:e48-72. doi: 10.5858/134.7.48

Chatterji M, Mercado CL, Moy L. Optimizing 1.5-Tesla and 3-Tesla Dynamic
Contrast-Enhanced Magnetic Resonance Imaging of the Breasts. Magnetic
Resonance Imaging Clinics North America (2010) 18:207-24. doi: 10.1016/
jmric.2010.02.011

Zhang Q, Peng Y, Liu W, Bai ], Zheng J, Yang X, et al. Radiomics Based on
Multimodal MRI for the Differential Diagnosis of Benign and Malignant
Breast Lesions. | Magn Reson Imaging (2020) 52:596-607. doi: 10.1002/
jmri.27098

Bernier M, Chamberland M, Houde JC, Descoteaux M, Whittingstall K. Using
fMRI non-Local Means Denoising to Uncover Activation in Sub-Cortical
Structures at 1.5 T for Guided HARDI Tractography. Front Hum Neurosci
(2014) 8:715. doi: 10.3389/fnhum.2014.00715

Ding J, Chen S, Serrano Sosa M, Sosa M, Cattell R, Lei L, Sun J, et al.
Optimizing the Peritumoral Region Size in Radiomics Analysis for Sentinel
Lymph Node Status Prediction in Breast Cancer. Acad Radiol (2020) 1:5223—
8. doi: 10.1016/j.acra.2020.10.015

Liu F, Lang R, Zhao ], Zhang X, Pringle GA, Fan Y, et al. CD8+ Cytotoxic T
Cell and FOXP3+ Regulatory T Cell Infiltration in Relation to Breast Cancer

Survival and Molecular Subtypes. Breast Cancer Res Treat (2011) 130:645-55.
doi: 10.1007/s10549-011-1647-3

Kettunen T, Okuma H, Auvinen P, Sudah M, Tiainen S, Sutela A, et al.
Peritumoral ADC Values in Breast Cancer: Region of Interest Selection,
Associations With Hyaluronan Intensity, and Prognostic Significance. Eur
Radiol (2020) 30:38-46. doi: 10.1007/s00330-019-06361-y

Yang ], Ding X, Zhu W. Improving the Calling of non-Invasive Prenatal
Testing on 13-/18-/21-Trisomy by Support Vector Machine Discrimination.
PLoS One (2018) 13:€0207840. doi: 10.1371/journal.pone.0207840

Son J, Lee SE, Kim E-K, Kim S. Prediction of Breast Cancer Molecular
Subtypes Using Radiomics Signatures of Synthetic Mammography From
Digital Breast Tomosynthesis. Sci Rep (2020) 10:21566. doi: 10.1038/s41598-
020-78681-9

Huang Y, Wei L, Hu Y, Shao N, Lin Y, He S, et al. Multi-Parametric MRI-
Based Radiomics Models for Predicting Molecular Subtype and Androgen
Receptor Expression in Breast Cancer. Front Oncol (2021) 11:706733.
doi: 10.3389/fonc.2021.706733

Traverso A, Kazmierski M, Welch ML, Weiss J, Fiset S, Foltz WD, et al. Sensitivity
of Radiomic Features to Inter-Observer Variability and Image Pre-Processing in
Apparent Diffusion Coefficient (ADC) Maps of Cervix Cancer Patients. Radiother
Oncol (2020) 143:88-94. doi: 10.1016/j.radonc.2019.08.008

Shafig-Ul-Hassan M, Zhang GG, Latifi K, Ullah G, Hunt DC, Balagurunathan
Y, et al. Intrinsic Dependencies of CT Radiomic Features on Voxel Size and
Number of Gray Levels. Med Phys (2017) 44:1050-62. doi: 10.1002/mp.12123
Davnall F, Yip CS, Ljungqvist G, Selmi M, Ng F, Sanghera B, et al. Assessment of
Tumor Heterogeneity: An Emerging Imaging Tool for Clinical Practice? Insights
Imaging (2012) 3:573-89. doi: 10.1007/s13244-012-0196-6

33.

34.

35.

36.

37.

38.

39.

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Zhang, Wang, Yang, Zhu, Zhao, Li, He, Sun and Xie. This is an
open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Oncology | www.frontiersin.org

June 2022 | Volume 12 | Article 905551


https://doi.org/10.1016/j.clinimag.2020.08.020
https://doi.org/10.1186/s13046-015-0128-7
https://doi.org/10.1007/s00330-020-07674-z
https://doi.org/10.3389/fonc.2020.00053
https://doi.org/10.1007/s00330-021-08134-y
https://doi.org/10.1002/jmri.27651
https://doi.org/10.1002/jmri.27651
https://doi.org/10.5858/134.7.e48
https://doi.org/10.1016/j.mric.2010.02.011
https://doi.org/10.1016/j.mric.2010.02.011
https://doi.org/10.1002/jmri.27098
https://doi.org/10.1002/jmri.27098
https://doi.org/10.3389/fnhum.2014.00715
https://doi.org/10.1016/j.acra.2020.10.015
https://doi.org/10.1007/s10549-011-1647-3
https://doi.org/10.1007/s00330-019-06361-y
https://doi.org/10.1371/journal.pone.0207840
https://doi.org/10.1038/s41598-020-78681-9
https://doi.org/10.1038/s41598-020-78681-9
https://doi.org/10.3389/fonc.2021.706733
https://doi.org/10.1016/j.radonc.2019.08.008
https://doi.org/10.1002/mp.12123
https://doi.org/10.1007/s13244-012-0196-6
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

	Intra- and Peritumoral Radiomics Model Based on Early DCE-MRI for Preoperative Prediction of Molecular Subtypes in Invasive Ductal Breast Carcinoma: A Multitask Machine Learning Study
	Introduction
	Methods and Materials
	Patient Population
	Analysis of Molecular Subtypes
	MRI Examinations
	Radiomics Feature Processing
	Clinical–Radiological Characteristics
	Model Construction and Validation
	Statistical Analysis

	Results
	Patient Characteristics
	Radiomics Features
	Optimal Peritumoral Model Selection
	Model Performance

	Discussion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


