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Abstract 

Background: This study aimed to develop and validate an ultrasound radiomics 
model for distinguishing invasive ductal carcinoma (IDC) from ductal carcinoma in situ 
(DCIS) by combining intratumoral and peritumoral features.

Methods: Retrospective analysis was performed on 454 patients from Cheng-
zhong Hospital. The patients were randomly divided in accordance with a ratio of 8:2 
into a training group (363 cases) and validation group (91 cases). In addition, 175 
patients from Yanghu Hospital were used as the external test group. The peritumoral 
ranges were set to 2, 4, 6, 8, and 10 mm. Mann–Whitney U-test, recursive feature 
elimination, and a least absolute shrinkage and selection operator were used to in the 
dimension reduction of the radiomics features and clinical knowledge, and machine 
learning logistic regression classifiers were utilized to construct the diagnostic model. 
The area under the curve (AUC) of the receiver operating characteristics, accuracy, 
sensitivity, and specificity were used to evaluate the model performance.

Results: By combining peritumoral features of different ranges, the AUC of the radi-
omics model was improved in the validation and test groups. In the validation group, 
the maximum increase in AUC was 9.7% (P = 0.031, AUC = 0.803) when the peritumoral 
range was 8 mm. Similarly, when the peritumoral range was only 8 mm in the test group, 
the maximum increase in AUC was 4.9% (P = 0.005, AUC = 0.770). In this study, the best 
prediction performance was achieved when the peritumoral range was only 8 mm.

Conclusions: The ultrasound-based radiomics model that combined intratumoral 
and peritumoral features exhibits good ability to distinguish between IDC and DCIS. 
The selection of peritumoral range size exerts an important effect on the prediction 
performance of the radiomics model.
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Background
Breast cancer is a prevalent form of malignant tumor among women, with invasive ductal 
carcinoma (IDC) and ductal carcinoma in situ (DCIS) as the most frequently occurring 
types [1, 2]. Although both breast cancer types originate from cells of the breast duct, 
their treatment methods and expected outcomes differ [3]. IDC is a malignant tumor 
that is formed when cancer cells in the breast duct gradually spread to neighboring tis-
sues. It usually has poor prognosis, and its 5-year survival rate is between 40 and 90%; 
it requires comprehensive treatment, including breast-conserving surgery, radiotherapy, 
and chemotherapy [4]. By contrast, DCIS is a superficial cancer, wherein cancer cells 
are confined to the breast duct and do not invade surrounding tissues or lymph nodes 
[5]. The prognosis for DCIS is generally good, with a 5-year survival rate higher than 
90%, and radical surgical resection is the primary treatment method [6]. Research has 
indicated that about 10%–40% of cases diagnosed with DCIS through coarse needle 
puncture biopsy are confirmed as IDC via pathology after surgery, considerably affecting 
the choice of treatment plan and follow-up treatment of patients and causing patients to 
suffer from unnecessary pressure and panic [7, 8]. Therefore, accurately distinguishing 
between IDC and DCIS is of high significance before surgery. However, current diagnos-
tic methods frequently require invasive procedures, such as surgery or puncture, which 
can lead to a long waiting time and complex processing with high uncertainty levels. A 
diagnostic method that is safer, faster, and more accurate should be developed urgently.

Radiomics is a noninvasive biomarker technology that utilizes image processing and 
machine learning to extract high-dimensional quantitative image features for describing 
tumors [9]. It can predict the prognosis of breast cancer patients by reflecting the heter-
ogeneity of tumor cells and the microenvironment [10], providing important assistance 
to clinical decision-making. Recent studies have demonstrated that ultrasound radiom-
ics can be an effective imaging biomarker, and it has been used in the early diagnosis of 
breast cancer [11, 12], molecular typing classification [13], efficacy evaluation [14, 15], 
and prognosis prediction [16, 17]. However, no study on distinguishing between IDC 
and DCIS on the basis of ultrasound radiomics has yet been conducted (PubMed, Web 
of Science). At present, most studies tend to solely focus on features within a tumor, 
disregarding the fact that features that surround a tumor also hold significant informa-
tion. Tadayyon et al. [18] reported that quantitative ultrasound features combined with 
intratumoral and peritumoral features achieved better results in evaluating neoadjuvant 
chemotherapy response and predicting disease-free survival of breast cancer. Ocana 
et al. [19] believed that changes in peritumoral tissues are closely related to peritumoral 
lymphocyte infiltration. These findings indicate that considerable valuable information 
may be found in the peritumoral region. In addition, an increasing number of scholars 
are using peritumoral features in radiomics research. Yu et al. [20] extracted the features 
of the 2 mm peritumoral region from ultrasound images to improve the prediction effect 
of the disease-free survival of triple-negative breast cancer. Sun et al. [21] demonstrated 
that the radiomics features of intratumoral and peritumoral regions combined with tow-
dimensional gray-scale ultrasound can better predict the status of the axillary lymph 
node metastasis of breast cancer. In their study, the peritumoral region was set as 5 mm. 
The aforementioned studies confirmed that the features around a tumor also provide 
valuable information in radiomics.
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The purpose of the current study was to differentiate between IDC and DCIS by 
combining the features of intratumoral and peritumoral radiomics (shape, first-order, 
texture) as well as clinical knowledge and machine-learning logistic regression mod-
els. It further aimed to analyze the effectiveness of peritumoral features and the influ-
ence of peritumoral range size on the performance of the developed radiomics model.

Results
Baseline characteristics

A total of 629 patients from two hospitals were included in this study. Their detailed 
clinical and ultrasound characteristics are provided in Table  1. Patients with DCIS 
accounted for 21.9% (138/629) and patients with IDC accounted for 78.1% (491/629). 
In Chengzhong Hospital, patients with DCIS were younger than those with IDC 
(P = 0.006), but this finding was not confirmed in Yanghu Hospital (P = 0.774). In 
addition, no significant differences were found in tumor echo type, boundary, mor-
phology, posterior features, orientation, and calcification between the DCIS and IDC 
groups in Chengzhong and Yanghu Hospitals (all P > 0.05).

Table 1 Clinical and ultrasound characteristics

* Differences were significant at P < 0.05

Group Chengzhong Hospital (n = 454) Yanghu Hospital (n = 175)

DCIS (n = 99) IDC (n = 355) P value DCIS (n = 39) IDC (n = 136) P value

Age 49.0 (41.5,57.5) 53.0 (44.0,62.0) 0.009* 52 (48.5,59.5) 53.5 (47.75,63.25) 0.835

Echo type 0.628 0.591

 Low 98 (99.0%) 353 (99.4%) 39 (100%) 135 (99.3%)

 Mix 1 (1.0%) 2 (0.6%) 0 (0%) 1 (0.7%)

Boundary 0.249 0.290

 Clear 2 (2.0%) 5 (1.4%) 0 (0%) 1 (0.7%)

 Blur 34 (34.3%) 90 (25.4%) 13 (33.3%) 47 (34.6%)

 Angulation 27 (27.3%) 91 (25.6%) 9 (23.1%) 32 (23.5%)

 Burr 11 (11.1%) 65 (18.3%) 11 (28.2%) 20 (14.7%)

 Differential blade 25 (25.3%) 104 (29.3%) 6 (15.4%) 36 (26.5%)

Morphology 0.148 0.387

 Circle 6 (6.1%) 9 (2.5%) 0 (0%) 4 (2.9%)

 Ellipse 14 (14.1%) 40 (11.3%) 5 (12.8%) 11 (8.1%)

 Irregularity 79 (79.8%) 306 (86.2%) 34 (87.2%) 121 (89.0%)

Posterior feature 0.703 0.335

 Echo enhancement 26 (26.3%) 106 (29.9%) 8 (20.5%) 39 (28.7%)

 Echo reduce 45 (45.4%) 146 (41.1%) 19 (48.7%) 49 (36.0%)

 No attenuation 28 (28.3%) 103 (29.0%) 12 (30.8%) 48 (35.3%)

Orientation 0.411 0.071

 Parallel 37 (37.4%) 149 (42.0%) 20 (51.3%) 48 (35.3%)

 Vertical 62 (62.6%) 206 (58.0%) 19 (48.7%) 88 (64.7%)

Calcification 0.065 0.672

 Positive 46 (46.5%) 202 (56.9%) 21 (53.8%) 68 (50.0%)

 Negative 53 (53.5%) 153 (43.1%) 18 (46.2%) 68 (50.0%)
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Feature selection

105 radiomics features were extracted from each intratumoral and peritumoral region, 
respectively, including 105 features from the intratumoral region, 68 features from 
peritumoral 2 mm, 84 features from peritumoral 4 mm, 93 features from peritumoral 
6 mm, and 95 features from peritumoral 8 mm and 10 mm, exhibiting good intragroup/
intergroup consistency (ICC > 0.75). Supplementary Fig.  1 provides the intratumoral 
and peritumoral radiomics feature ICC. Then, Mann–Whitney U-test, RFE, and Lasso 
were used to reduce the dimensions of the features, and a detailed feature screening pro-
cess is illustrated in Supplementary Fig. 2. Finally, 9, 13, 16, 10, 12, and 10 features were 
included to construct the radiomics models of intratumoral, intratumoral + peritumoral 
2  mm, intratumoral + peritumoral 4  mm, intratumoral + peritumoral 6  mm, intratu-
moral + peritumoral 8 mm, and intratumoral + peritumoral 10 mm, respectively. Inter-
estingly, all the prediction models included several peritumoral features when combined 
with intratumoral peritumoral features. Separate peritumoral (2, 4, 6, 8, and 10  mm) 
radiomics models were composed of 4, 7, 2, 6, and 4 features, respectively. The detailed 
modeling feature information is presented in Supplementary Table 2.

Model development and validation

On the basis of the logistic regression model, 11 types of radiomics models for distin-
guishing between IDC and DCIS were established. They include intratumoral radi-
omics model, peritumoral (2, 4, 6, 8, and 10  mm) radiomics model, and intratumoral 
combined with peritumoral radiomics models (intratumoral + peritumoral 2 mm, intra-
tumoral + peritumoral 4  mm, intratumoral + peritumoral 6  mm, intratumoral + peritu-
moral 8 mm, and intratumoral + peritumoral 10 mm). The ROC curves of these models 
in the training, validation, and test groups are shown in Fig. 1. Table  2 compares and 
analyzes the predictive performance of the intratumoral model and the peritumoral 

Fig. 1 ROC curves of the radiomics models for distinguishing between IDC and DCIS. Intra + Per, intratumoral 
combined with peritumoral. A–C, respectively, show the comparison of the AUCs of intratumoral and 
peritumoral radiomics models in the training, validation, and test groups. D–F respectively, show the 
comparison of the AUCs of intratumoral model and the combined intratumoral and peritumoral radiomics 
model in the training, validation, and test groups
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model. The results show that peritumoral features are equally useful in distinguishing 
between IDC and DCIS. Table 3 presents the changes in prediction performance of the 
model after combining peritumoral features of different ranges, particularly AUC (AUC 
is stable in unbalanced samples, while accuracy is easily affected by sample size). When 
combined with peritumoral features, the AUC of the models was improved to a certain 
extent, indicating the effectiveness of intratumoral features combined with peritumoral 
features in predicting IDC and DCIS. In the validation group, AUC was the highest when 
the peritumoral range was 8 mm. In the test group, AUC was also highest when the peri-
tumoral range was 8 mm. This finding indicates that the performance of the radiomics 
model can be further improved by optimizing peritumoral range. In addition, the results 
demonstrated that in studies based on ultrasound intratumoral combined with peritu-
moral radiomics for predicting IDC and DCIS, the best results were obtained when peri-
tumoral extent was 8 mm.

Comparison of models

The intratumoral combined with peritumoral radiomics model produced the highest 
AUC in the training, validation, and test groups compared with the intratumoral or peri-
tumoral radiomics model only. In accordance with the DeLong test results in Table 4, a 
significant difference in AUC existed between the combined intratumoral and peritu-
moral models (except for 2 mm) and the intratumoral radiomics model in the training 
group (all P < 0.05). In the validation group, significant differences in AUC were found 
between the combined intratumoral and peritumoral models and the intratumoral 

Table 2 Comparison of the predictive performance of the intratumoral radiomics model and the 
peritumoral radiomics model with different peritumoral sizes

Model AUC (95% CI) Accuracy Sensitivity Specificity

Training group

 Intratumoral 0.812 (0.775–0.846) 0.745 0.761 0.729

 Peritumoral 2 mm 0.774 (0.734–0.811) 0.734 0.757 0.711

 Peritumoral 4 mm 0.790 (0.748–0.825) 0.743 0.754 0.732

 Peritumoral 6 mm 0.763 (0.722–0.799) 0.718 0.761 0.676

 Peritumoral 8 mm 0.781 (0.741–0.815) 0.731 0.761 0.701

 Peritumoral 10 mm 0.767 (0.727–0.803) 0.725 0.743 0.708

Validation group

 Intratumoral 0.706 (0.568–0.823) 0.670 0.700 0.662

 Peritumoral 2 mm 0.767 (0.631–0.878) 0.703 0.750 0.690

 Peritumoral 4 mm 0.751 (0.614–0.870) 0.703 0.700 0.704

 Peritumoral 6 mm 0.773 (0.641–0.888) 0.714 0.700 0.718

 Peritumoral 8 mm 0.793 (0.663–0.908) 0.681 0.650 0.690

 Peritumoral 10 mm 0.813 (0.690–0.923) 0.692 0.750 0.676

Test group

 Intratumoral 0.721 (0.625–0.819) 0.731 0.538 0.787

 Peritumoral 2 mm 0.739 (0.641–0.832) 0.726 0.641 0.750

 Peritumoral 4 mm 0.755 (0.657–0.843) 0.754 0.590 0.801

 Peritumoral 6 mm 0.748 (0.646–0.836) 0.731 0.641 0.757

 Peritumoral 8 mm 0.735 (0.633–0.825) 0.714 0.667 0.728

 Peritumoral 10 mm 0.732 (0.635–0.819) 0.674 0.615 0.691
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radiomics model (both P < 0.05). In the test group, only the combined intratumoral and 
peritumoral models at 6, 8, and 10 mm differed significantly from the intratumoral radi-
omics model in terms of AUC. For the AUC between the combined intratumoral and 

Table 3 Comparison of the predictive performance of the intratumoral radiomics model and the 
intratumoral combined with peritumoral radiomics model with different peritumoral sizes

Intra + Per, intratumoral combined with peritumoral

Model AUC (95% CI) Accuracy Sensitivity Specificity

Training group

 Intratumoral 0.812 (0.775–0.846) 0.745 0.761 0.729

 Intra + Per 2 mm 0.830 (0.795–0.860) 0.739 0.750 0.729

 Intra + Per 4 mm 0.840 (0.807–0.869) 0.776 0.803 0.750

 Intra + Per 6 mm 0.837 (0.801–0.866) 0.769 0.789 0.750

 Intra + Per 8 mm 0.841 (0.806–0.871) 0.771 0.799 0.743

 Intra + Per 10 mm 0.833 (0.797–0.865) 0.768 0.792 0.743

Validation group

 Intratumoral 0.706 (0.568–0.823) 0.670 0.700 0.662

 Intra + Per 2 mm 0.791 (0.679–0.892) 0.670 0.650 0.676

 Intra + Per 4 mm 0.774 (0.646–0.889) 0.703 0.650 0.718

 Intra + Per 6 mm 0.783 (0.667–0.887) 0.703 0.650 0.718

 Intra + Per 8 mm 0.803 (0.682–0.904) 0.681 0.700 0.676

 Intra + Per 10 mm 0.798 (0.695–0.893) 0.703 0.750 0.690

Test group

 Intratumoral 0.721 (0.625–0.819) 0.731 0.538 0.787

 Intra + Per 2 mm 0.747 (0.642–0.838) 0.754 0.641 0.787

 Intra + Per 4 mm 0.752 (0.654–0.842) 0.749 0.590 0.794

 Intra + Per 6 mm 0.763 (0.670–0.855) 0.766 0.667 0.794

 Intra + Per 8 mm 0.770 (0.674–0.862) 0.766 0.667 0.794

 Intra + Per 10 mm 0.755 (0.659–0.850) 0.731 0.641 0.757

Table 4 Comparisons of the AUC of the combined intratumoral and peritumoral radiomics model 
with their sub-radiomics models (intratumoral, peritumoral) in the training, validation, and test 
groups

Intra + Per, intratumoral combined with peritumoral
* Differences were significant at P < 0.05

Comparisons Training group Validation group Test group

AUC AUC AUC 

Z-score P value Z-score P value Z-score P value

Intra + Per 2 mm vs intratumoral 1.878 0.060 2.233 0.026* 1.008 0.314

Intra + Per 2 mm vs peritumoral 2 mm 3.790 < 0.001* 0.492 0.623 0.246 0.806

Intra + Per 4 mm vs intratumoral 3.095 0.002* 2.047 0.041* 1.564 0.118

Intra + Per 4 mm vs peritumoral 4 mm 3.688 < 0.001* 0.474 0.636 − 0.096 0.924

Intra + Per 6 mm vs intratumoral 2.621 0.009* 3.029 0.002* 2.551 0.011*

Intra + Per 6 mm vs peritumoral 6 mm 5.079 < 0.001* 0.258 0.796 0.576 0.565

Intra + Per 8 mm vs intratumoral 3.112 0.002* 2.156 0.031* 2.814 0.005*

Intra + Per 8 mm vs peritumoral 8 mm 4.121 < 0.001* 0.180 0.857 1.305 0.192

Intra + Per 10 mm vs intratumoral 2.334 0.020* 1.983 0.047* 2.104 0.035*

Intra + Per 10 mm vs peritumoral 10 mm 4.010 < 0.001* − 0.281 0.779 0.707 0.480
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peritumoral radiomics model and the peritumoral radiomics model, a significant differ-
ence was found between the training group (both P < 0.05), whereas no significant differ-
ences were noted between the validation and test groups (both P > 0.05).

Discussion
This work is the first systematic study on the effect of breast cancer ultrasound peri-
tumoral range on the performance of a radiomics model. By comparing and analyzing 
the intratumoral, peritumoral, and combined radiomics models, we determined that 
the intratumoral, peritumoral, and combined ultrasound models can better distinguish 
between IDC and DCIS, and the combined peritumoral features can improve the per-
formance of a model. This conclusion also confirms the results of some previous clinical 
and radiomics studies [18–21]: the peritumoral region and features contain additional 
information for quantitatively describing a tumor.

In this study, we generated peritumoral regions with different peritumoral ranges (2, 
4, 6, 8, and 10 mm) and included the extracted peritumoral and intratumoral features 
in radiomics analysis. The results showed that when the peritumoral range was 8 mm, 
the AUC was the highest in the validation and test groups, i.e., 0.803 and 0.770, respec-
tively. DeLong testing confirmed that significant differences existed between the AUC 
of this model and the intratumor radiomics model for the training, validation, and test 
groups. These results not only confirmed the importance of peritumoral features in radi-
omics studies, but also indicated that the selection of peritumoral range can affect the 
performance of radiomics models. Therefore, we suggest that systematic comparisons 
should be performed in peritumoral radiomics studies to determine the optimal peritu-
moral range (e.g., clinical breast cancer ultrasound generally determines the peritumoral 
range to be at 0–10 mm), rather than obtaining it arbitrarily or based on previous studies 
(many current studies have directly determined the peritumoral range to be at 4 mm), 
although such approach has been adopted in most current peritumoral radiomics stud-
ies. This strategy can further improve a prediction model and optimize its performance, 
providing a more accurate and reliable basis for the clinical application of radiomics.

With the development of high-frequency ultrasound technology in recent years, the 
detection rate of small lesions in the breasts has been significantly improved, making the 
diagnosis of DCIS with ultrasound possible [22]. In addition, predicting DCIS before sur-
gery can effectively assist clinicians in optimizing the surgical plan, providing high clini-
cal value. Moreover, in actual clinical application, the incidence of DCIS can reach as high 
as 20.0%–32.5% [23, 24]. This range of values is also consistent with our results (21.9%, 
138/629). In accordance with the performance of the intratumoral radiomics model in the 
validation and test groups in Table 3, the ultrasound-based radiomics model can predict 
DCIS noninvasively before surgery. This condition is conducive to the development of per-
sonalized diagnosis and treatment plans. Previous clinical studies have shown that typical 
DCIS is characterized by slight hypoechoic mass, tiny lobulated edges, catheter dilation, 
no changes in the posterior echo, and enhanced blood flow signals in and around the lesion 
[25, 26]. Shi et al. [27] used ultrasound elastic imaging features to identify IDC and DCIS: 
they found that the velocity of lesion edge shear wave in IDC was significantly higher than 
that in DCIS. Moreover, the diagnostic AUC value was 0.66, initially confirming that ultra-
sound peritumoral features may help detect DCIS. Consistent with the aforementioned 
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results, our findings show that the intratumoral combined with the peritumoral radiomics 
model is more effective in predicting DCIS, with the highest AUC in the training, valida-
tion, and test groups. In addition, our ultrasound intratumoral combined with peritumoral 
radiomics model provides better prediction and is more stable than existing techniques for 
distinguishing between IDC and DCIS. Vy et al. [28] constructed a machine learning model 
for distinguishing between IDC and DCIS by using multi-clinical factors (clinical, X-ray, 
ultrasound imaging, and histopathological features). However, the performance of their 
model fluctuated considerably, with the accuracy rate fluctuating between 0.63 and 0.84. 
Li et al. [29] aimed to predict DCIS by using radiomics features from X-ray combined with 
clinical imaging features. The best AUC on the test group was 0.72, which was superior to 
that of the traditional clinical characterization method. However, the importance of peritu-
moral features was disregarded and prediction accuracy should be improved.

The current study has some limitations. First, it only considered the importance of peritu-
moral features for radiomics analysis in specific applications without conducting a detailed 
analysis of the effects of different clinical problems, image modes, scanning instruments, 
and imaging parameters. Second, the segmentation of image ROI via artificial segmentation 
may cause some deviations in the result. Therefore, the aforementioned problems should be 
verified individually in future studies. Moreover, the determination of the optimal peritu-
moral range should be combined with the analysis of specific clinical problems. The conclu-
sion of this study is only applied to distinguishing between IDC and DCIS. In future studies, 
we need to further delve into the possible effects of different ultrasound probes and noise 
reduction techniques on the radiomics analysis. We plan to: (1) evaluate the differences in 
image quality and noise levels of different probes to understand their impact on the final 
radiomics diagnosis. (2) Explore the application of various noise reduction algorithms and 
assess their potential in improving image quality and accuracy of radiomics-based diagno-
sis. (3) To conduct a multi-center study to more fully evaluate the performance of different 
probes and the effectiveness of noise reduction strategies.

Conclusion
In summary, this study verified the feasibility of distinguishing IDC from DCIS by combin-
ing intratumoral with peritumoral ultrasound radiomics. It also revealed the importance 
of the peritumoral region in the radiomics analysis of breast cancer, demonstrating that 
peritumoral features can provide additional tumor information. In addition, this work is the 
first to systematically study the effect of peritumoral region size on the ultrasound radiom-
ics analysis of breast cancer. The results showed that different peritumoral ranges can affect 
the performance of a radiomics model. Therefore, we suggest that the peritumoral range 
should be carefully optimized for specific clinical tasks and the most appropriate peritu-
moral range for modeling should be selected in future radiomics studies to improve clinical 
predictive performance.

Methods
Patients

This study was approved by our institutional review board and patient informed consent 
was waived. A retrospective analysis was performed on patients who received breast 
cancer treatment in two hospitals of our institution from January 2018 to February 2022. 
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The inclusion criteria were as follows: (1) patients receiving initial treatment for breast 
cancer in our hospital; (2) complete ultrasound images before treatment; and (3) a defi-
nite IDC or DCIS (pathological names in the medical record system). The exclusion cri-
teria were as follows: (1) non-qualifying ultrasound images (damaged images or inability 
to identify the tumor site); (2) too long time between ultrasound examination and sur-
gery or needle biopsy; (3) all or part of the clinical ultrasound features are missing; (4) 
history of preoperative treatments, such as neoadjuvant chemotherapy or radiotherapy; 
and (5) presence of multiple lesions. Finally, 629 patients were retained, including 454 
patients from Chengzhong Hospital who were randomly divided into a training group 
and a validation group in accordance with a ratio of 8:2. Meanwhile, 175 patients from 
Yanghu Hospital were included in the external test group.

Ultrasound examinations and image interpretation

The ultrasonic diagnostic instruments used in this study were EPIQ5 and IU22 from 
Philips (the Netherlands), Esaote (Italy), Logio E9, Volusion E10 (GE) and Siemens 
s2000. A high-frequency linear array probe with frequency of 6–15 MHz was utilized 
in conjunction with the breast ultrasound mode. The patient was positioned supine, 
and her arms were raised to expose the breasts fully for examination. Scanning was per-
formed on all quadrants of both breasts, with a focus on the lesion area.

The images were analyzed by two physicians with over 5 years and 10 years of expe-
rience in breast ultrasound. They utilized the US Breast Imaging Reporting and Data 
System [30] as reference. Any discrepancies between the diagnoses of the two physicians 
were resolved by a chief physician with 20 years of experience in breast ultrasound. The 
pathological findings remained unknown until physician image analysis had been per-
formed. The six ultrasonic features evaluated for each mass were echo type (low or mix), 
boundary (clear, blur, angulation, burr, or differential blade), morphology (circle, ellipse, 
or irregularity), posterior features (echo enhancement, echo reduce, or no attenuation), 
orientation (parallel or vertical), and calcification (positive or negative).

Region of interest (ROI) segmentation and expansion

The original breast cancer images were imported into 3D Slicer software (V4.11), and 
ROIs were manually mapped along the tumor profiles by an experienced ultrasound phy-
sician (ultrasound physician 1, with more than 5 years of segmentation experience), who 
was blinded to the pathological results. Subsequently, 10 cases were randomly selected 
from IDC and DCIS in Chengzhong and Yanghu Hospitals, with a ratio of 1:1:1:1. These 
cases were assigned to another experienced ultrasound physician (ultrasound physician 
2, with more than 10 years of segmentation experience) to assess the intergroup correla-
tion coefficient (ICC) consistency of the radiomics features. After 1  week, ultrasound 
physician 1 re-outlined the ROIs of the same 40 images to evaluate intragroup correla-
tion coefficient (ICC) consistency. A good consistency was indicated by ICC > 0.75. The 
formula for ICC is given in Eq. 1. Peritumoral expansion was performed using the fol-
lowing steps. First, an image was resampled to [1.0, 1.0] by using the SimpleITK (V2.1.1) 
package in Python 3.6 environment. Then, the ndimage image matrix processing func-
tion in the Scipy (V1.4.1) package was used to expand the ROI to 2, 4, 6, 8, and 10 mm 
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to obtain the peritumoral area. Figure  2 shows the representative original ultrasound 
images and intratumoral and peritumoral ROIs:

In Eq.  (1), vc represents the extracted radiomics features data first mapped by ultra-
sound physician, vb represents the extracted radiomics features data second mapped by 
ultrasound physician 1 or first mapped by ultrasound physician 2, Cov(vc,vb) represents 
the covariance of vc and vb, σvc represents the standard deviation of vc, σvb represents the 
standard deviation of vb.

Radiomics feature extraction and preprocessing

We utilized Pyradiomics (V3.0.1, https:// pyrad iomics. readt hedocs. io) [31], an open-
source Python package, for image preprocessing and feature extraction in radiomics. The 
preprocessing steps involved the following. (1) Image normalization ensures the consist-
ent scale and range of features, minimizing the effect of any variations in data factors or 
proportions on feature extraction. (2) In pre-clipping, the original image is clipped to the 
ROI size to reduce the calculation amount of feature extraction and exclude the influ-
ence of the tumor adjacent region. A total of 105 original features, which include shape, 
first-order, and texture features, were then extracted from the intratumoral and peri-
tumoral ROIs of each patient. These features, which meet the Image Biomarker Stand-
ardization Initiative standard [32], are more interpretable and robust. Additional details 
of the radiomics features are provided in Supplementary Table 1 of the supplementary 
material.

Feature selection

To mitigate the effect of sample imbalance on model performance (IDC:DCIS = 491:138, 
samples tend to be classified into most categories), we oversampled the training group 
features (a combination of radiomics features and six ultrasonic features) by using the 
adaptive synthetic sampling method SMOTE [33] to achieve a 1:1 ratio. Then, we applied 

(1)ICC =

Cov(vc, vb)

σvc × σvb

Fig. 2 Representative ultrasound images and their corresponding intratumoral and peritumoral ROIs. a 
Original ultrasound image. b Intratumoral ROI (red regions) and different ranges of peritumoral ROIs (green 
regions)

https://pyradiomics.readthedocs.io
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Z-score normalization to all the data to ensure the comparability of features by convert-
ing feature data with different orders of magnitude into the same order of magnitude. 
For select features, we employed a three-step screening method. First, on the basis of the 
Mann–Whitney U-test, features with statistical differences between patients with DCIS 
and IDC were screened out. Second, to avoid the overfitting phenomenon caused by too 
many features and meet the requirements of a lightweight clinical application, the recur-
sive feature elimination (RFE) algorithm combined with random forest was used to iter-
ate the remaining features one by one, and the top 10% features were retained. Finally, a 
least absolute shrinkage and selection operator (Lasso) for tenfold cross-validation was 
used for the final dimensional reduction. The dataset with the smallest cross-validation 
binomial deviation was chosen as the optimal feature subset for the construction of the 
diagnostic model.

Model development and validation

In the training group, we built radiomics models to distinguish between IDC and DCIS 
based on the final selection of features from radiomics features and clinical knowledge, 
(i.e., age, echo type, boundary, morphology, posterior feature, orientation, and calci-
fication) and used a simple linear model (logistic regression). The performance of the 
models on the validation and test groups was evaluated more accurately by limiting the 
complexity of the models to reduce overfitting caused by excessive training data and 
by using a regularization method (i.e., the regularization operation L2 paradigm). Area 
under the receiver operating characteristics (ROC) curve (AUC), accuracy, sensitivity, 
and specificity were used as evaluation indicators, and the 95% confidence interval (CI) 
of AUC was obtained through 1000 resamples.

Statistical analysis

In this study, we used SPSS software for statistical analysis. For the categorization of 
data types, Age belongs to quantitative data, while Echo type, Boundary, Morphology, 
Posterior feature, Orientation and Calcification are qualitative data. We performed uni-
variate analysis of these data separately to check whether they were significantly differ-
ent in IDC and DCIS patients. Age data were quantitative and their distribution was 
first tested. If the age data conformed to a normal distribution, it was expressed as 
mean ± standard deviation (x ± s) and differences between groups were compared using 
the independent samples t-test. If the age data did not conform to normal distribution, 
they were expressed as median (M) and quartiles (Q1, Q3) and compared using the inde-
pendent samples Mann–Whitney U-test. For qualitative data, we used frequency counts 
and compared the differences between groups using the Chi-square test. The DeLong 
test was used to compare whether the difference between the AUC values of the com-
bined intratumor combined with peritumor radiomics model was statistically significant 
compared to the intratumor or peritumor radiomics model alone in the training, valida-
tion, and test groups [34]. P < 0.05 was considered statistically significant.
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Supplementary Material 1. Table 1. Overview of 105 Intratumoral radiomics features. Note: GLCM, gray-level cooccur-
rence matrix; GLRLM, gray-level run length matrix; GLSZM, gray level size zone matrix; GLDM, gray level dependence 
matrix; NGTDM, neighboring gray tone difference matrix. Table 2. Features included in different peritumoral range 
models. Intra+Per, intratumoral combined with peritumoral. Figure 1. ICC of various sizes in intratumoral and peritu-
moral radiomics models. Figure 2. Radiomics feature selection process. ICC, intra/inter–group correlation coefficient; 
M-W U-test, Mann–Whitney U-test; RFE, recursive feature elimination; LASSO, least absolute shrinkage, and selection 
operator; Intra+Per, intratumoral combined with peritumoral.
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