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Background: Histological grade is an acknowledged prognostic factor for breast cancer, essential for determining clinical treatment
strategies and prognosis assessment. Our study aims to establish intra- and peritumoral radiomics models using T2WI and DWI MR
sequences for predicting the histological grade of breast cancer.

Methods: 700 breast cancer cases who had MRI scans before surgery were included. The intratumoral region (ITR) of interest was
manually delineated, while the peritumoral region (PTR-3 mm) was automatically obtained by expanding the ITR by 3 mm. Radiomics
features were extracted using the intra- and peritumoral images from T2WI and DWI sequences on breast MRI. Then, the key features
with the strongest predictivity of histological grade were selected. Finally, 9 predictive radiomics models were established based on
T2WI-ITR, T2WI-3mmPTR, DWI-ITR, DWI-3mmPTR, T2WI-ITR + 3mmPTR, DWI-ITR + 3mmPTR, (T2WI + DWI)-ITR, (T2WI
+ DWI)-3mmPTR and (T2WI + DWI)-ITR + 3mmPTR.

Results: The (T2WI + DWI)-ITR + 3mmPTR contained 13 DWI features which included a shape feature, a texture feature, and 11
filtered features, as well as 10 T2WI features, all of which were filtered features. Among the 9 models, the combined models showed
better performance than the single models in both the training and test sets, especially for the (T2WI + DWI)-ITR + 3mmPTR
radiomics model. The (T2WI + DWI)-ITR + 3mmPTR radiomics model achieved a sensitivity, specificity, accuracy, and AUC of
80.4%, 72.4%, 75.0%, and 0.860 in the training set, and 68.9%, 70.5%, 70.0%, and 0.781 in the test set. Decision curve analysis
(DCA) showed that the (T2WI + DWI)-ITR + 3mmPTR model had the greatest net clinical benefit compared to the other models.
Conclusion: The intra- and peritumoral radiomics methodologies using T2WI and DWI MR sequences could be utilized to assess
histological grade for breast cancer, particularly with the (T2WI + DWI)-ITR + 3mmPTR radiomics model demonstrating significant
potential for clinical application.
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Introduction

Breast cancer has become the most prevalent cancer among women.'> The outcome of breast cancer is affected by various
factors, including molecular subtype, axillary lymph node (ALN) metastatic status, and histological grade. Among these
factors, histological grade is a recognized prognostic indicator for breast cancer, which is critical for clinical therapeutic

strategy and prognostic evaluation.” ® Currently, the Nottingham grade system is widely used for histological grade of breast
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cancer. This system is based on the assessment of the tubular formation, nuclear pleomorphism and mitotic count to assign
a grade from I to III. Generally, a higher histological grade indicates a more malignant tumor and a worse prognosis. Clinically,
pathology is still the most reliable method for evaluating histological grade. Conversely, this procedure is intrusive and may
affect the accuracy of the results due to the heterogeneity of breast cancer.

Although mammography (MG), ultrasound (US), and MRI are common techniques used for diagnosing and evaluat-
ing breast cancer, these methods cannot provide accurate evaluation for tumor histological grade. Radiomics is a field that
leverages the extraction and analysis of numerous quantitative features from medical images, such as CT scans, MRI, and
PET images, to provide a more detailed characterization of tumors beyond what is possible with traditional visual
assessment. This approach transforms images into high-dimensional, quantifiable data sets that can be analyzed to reveal
patterns associated with disease diagnosis, prognosis, and treatment responses, enhancing personalized medicine and
improving clinical outcomes.”” It has been demonstrated that radiomics possesses significant clinical applicability in
diagnosing breast cancer, efficacy assessment, and prognosis evaluation.'®'* Because of high soft tissue resolution and
capability for multi-sequence imaging, MRI is particularly valuable in breast cancer diagnosis and treatment. Especially
for dynamic contrast-enhanced (DCE) imaging, it is of great significance in assessing tumor blood supply and detecting
early-stage lesions. However, it is costly, time-consuming, and carries the risk of using the contrast agents. T2-weighted
imaging (T2WI) has high accuracy and sensitivity for assessing normal anatomical structures and identifying various
pathological changes, and diffusion-weighted imaging (DWI) can accurately show the early function of lesions without
the need for contrast agents.

Breast cancer consists not only of tumor cells but also stromal cells, which play a crucial role in tumor growth,
invasion, and metastasis. The peritumoral parenchyma often contains a series of pathophysiological information closely
related to tumor development, which can indirectly affect the invasive and metastatic ability of tumor cells. Therefore,
the peritumor parenchyma can also reflect the biological characteristics of cancer foci to a certain extent.

It is important to consider the stromal environment surrounding the tumor when studying breast cancer, as it reflects
the tumor microenvironment and may contain valuable information about the aggressiveness of the cancer. Biologically,
this region includes the reactive stroma, immune infiltration and vascular changes associated with the tumor, which may
influence its behavior and progression.'>'® At present, there are still few studies published on using intra- and
peritumoral radiomics features in predicting histological grade. The aim of our investigation is to establish the intra-
and peritumoral radiomics models using T2WI and DWI for predicting the histological grade of breast cancer, in addition

to providing a reference for individualized treatment and prognostic assessment.

Materials and Methods
Study Population

This retrospective study was conducted following the Declaration of Helsinki and was approved by the review board of
Henan Provincial People’s Hospital (NO. 2022-124), which waived the requirement for informed consent due to the study’s
retrospective nature. We declared that patient data remained confidential. About 730 subjects confirmed with invasive
breast cancer were retrospectively enrolled from Jan 2017 to Dec 2020. Patients with definite histological grade results were
included. Conversely, those with unavailable data, or who had a biopsy procedure, or chemoradiotherapy before MRI were
excluded. Finally, 700 patients were enrolled (histological grade 1:23; 11:453; I11:224). Histological grade I and II cases were
combined because there were relatively few histological grade I cases. The dataset was allocated to a training set (n=560) as
well as a test set (n=140) with an 8:2 proportion. The flowchart is presented in Figure 1.

Clinicopathological Characteristics
Clinicopathological characteristics included patient age, menstrual condition, lesion size, location, histological grade, the
expression of estrogen receptor (ER) (low: <10%, high:>10%), progesterone receptor (PR) (low: <20%, high: >20%), Ki-67

proliferation index (low: <20%, high: >20%) and human epidermal growth factor receptor2 (HER2).'-*
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Figure | Workflow of Radiomics Analysis.
Abbreviations: DWI, diffusion-weighted imaging; T2WI, T2-weighted imaging; ITR, intratumoral region; PTR, peritumoral region.

Imaging Protocol and Image Segmentation

A 3.0-T MR scanner (GE Medical Systems, Milwaukee, WI) was conducted. Axial T2ZWI and DWI were obtained for each
subject. The parameter details are provided in Supplementary Information. Axial T2WI and DWI sequence images were archived
in DICOM format. Using ITK-SNAP software (Version 3.8.0, http://www.itk-snap.org), a radiologist with over 6 years of
expertise manually outlined the intratumoral region (ITR) layer-by-layer. While excluding regions of cystic necrosis and

hemorrhage, the radiologist remained unaware of the patients’ clinicopathological information. If there were multiple lesions
on MR, the largest lesion’s region of interest (ROI) was selected. The delineated ITRs were then validated by a deputy chief
physician with more than a decade of experience. The peritumoral region (PTR) was obtained by expanding the ITR outward by
3 mm through the use of the uRP platform (uAl research portal, https://www.uii-ai.com/en/uai/scientific-research)*' (Figure 2).

Feature Extraction and Selection

Radiomics features were computed with the original MRI scans and extracted through the uRP platform. Feature selection is
used to select a subset of relevant features for use in model construction and the goal is to improve the model’s performance
by eliminating irrelevant or redundant data that could potentially lead to decreased accuracy and efficiency. The analysis of
all extracted features was conducted through the following steps in this study. First, the radiomics features with the strongest
predictivity of histological grade were selected using the Mann—Whitney U-test. Second, Z score normalization, a calculation
with a mean of 0 and a standard deviation of 1, was used to reduce feature dimensionality differences. Then, features with
high p-values were filtered out using the K-Best method (F value method, K=100). Finally, the most predictive radiomics
features for histological grade were selected using the least absolute shrinkage and selection operator (LASSO) algorithm.
Detailed information about the features can be found in the Supplementary Information.

Model Establish and Evaluation

The radiomics features with the strongest predictivity of histological grade were selected from T2WI-ITR, T2WI-3mmPTR,
DWI-ITR, DWI-3mmPTR, T2WI-ITR + 3mmPTR, DWI-ITR + 3mmPTR, (T2WI + DWI)-ITR, (T2WI + DWI)-3mmPTR
and (T2WI+ DWI)-ITR + 3mm PTR, respectively. Then classification models are used to predict the histological grade based
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(D) (E) (F)

Figure 2 ROIs of 9 models. (A) T2WI-ITR; (B) T2WI-3mmPTR; (C) T2WI-ITR + 3mmPTR; (D) DWI-ITR; (E) DWI-3mmPTR; (F) DWI-ITR + 3mmPTR.
Abbreviation: ROI, region of interest.

on these features and popular classification models in radiomics include Random Forests, Support Vector Machines (SVM)
and so on. Additionally, a Gaussian process was utilized to transform these features into a probabilistic space, facilitating
amore flexible and powerful modeling of the relationships between image features and their associated histological classes. In
this study, the Gaussian process was utilized to develop 9 predictive models. The performance of these models was evaluated
based on sensitivity, specificity, accuracy, and the area under the receiver operating characteristic (ROC) curve (AUC).

Statistical Analysis

Statistical analysis was conducted using SPSS software (V.25.0). For the continuous variables, Kolmogorov—Smirnov and
Levene were used for normality and homogeneity of variance tests. Variables that follow a normal distribution were compared
using an independent-sample #-test. For variables with a skewed distribution, the Mann—Whitney U-test was utilized for group
comparisons. Categorical variables were compared using the chi-square test. P <0.05 was considered statistically significant.

Results

Clinical Findings

This study included 700 female breast cancer patients (histological grade 1:23; 11:453; I11:224). There were no significant
differences in the clinicopathological characteristics between the training and test sets (all p > 0.05) (Table 1). There were
significant differences in terms of tumor size, HER2 status, ER status, PR status, and Ki-67 proliferation index between

histological grade I + II and III patients (all p < 0.05), but there were no significant differences in the other characteristics
(p > 0.05) (Table 2).
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Table 1 Comparison of Clinicopathological Characteristics Between Training Set
and Test Set

Characteristics Training Set (n=560) | Test Set (n=140) | P
Age (Year, X £5) 48.96+10.41 48.67+9.56 0.2517
Menstrual status (%)

Premenopausal 254(45.4) 51(36.4) 0.057°
Postmenopausal 306(54.6) 89(63.6)

Location of disease (%)

Left breast 269(48.0) 72(51.4) 0.473°
Right breast 291(52.0) 68(48.6)

Tumor size [M (QI, Q3)Jmm | 20(15,29) 22(16,27) 0.649°
HER2 status (%)

Negative 415(74.1) 101(72.1) 0.637°
Positive 145(25.9) 39(27.9)

ER status (%)

<10% 148(26.4) 41(29.3) 0.49¢°
=210% 412(73.6) 99(70.7)

PR status (%)

<20% 280(50.0) 75(53.6) 0.450°
>20% 280(50.0) 65(46.4)

Ki-67 (%)

<20% 216(38.6) 58(41.4) 0.53¢°
>20% 344(61.4) 82(58.6)

Notes: *independent-sample t-test; °chi-square test; “Mann-Whitney U-test.

Table 2 Comparison of Clinicopathological Characteristics Between Histological Grade | + Il and Grade Ill Groups

Characteristics Training Set (n=560) P Test Set (n=140) P

Grade I+11 Grade Il Grade I+11 Grade Il

(n=381) (n=179) (n=95) (n=45)
Age (Year, X +s) 48.88+10.18 49.13%10.91 0.168° 49.12+8.85 47.73£10.95 0.075°
Menstrual status (%)
Premenopausal 214 (56.17) 92 (51.40) 0.290° 61(64.21) 28 (62.22) 0.819°
Postmenopausal 167 (43.83) 87 (48.60) 34 (35.79) 17 (37.78)
Location of disease (%)
Left breast 183 (48.03) 86 (48.04) 0.998° 48 (50.52) 24 (53.33) 0.756°
Right breast 198 (51.97) 93 (51.96) 47 (49.47) 21 (46.67)
Tumor size [M (QI, Q3)]mm 20 (15,26) 25 (19,34) <0.001° 20 (14,26) 23 (19,28) <0.001°
HER?2 status (%)
Positive 87 (22.83) 58 (32.40) 0.016° 20 (21.05) 19 (42.22) 0.009"
Negative 294 (77.17) 121 (67.60) 75 (78.95) 26 (57.78)
ER status (%)
<10% 57 (14.96) 91 (50.84) <0.001° 16 (16.84) 25 (55.56) <0.001"°
=10% 324 (85.04) 88 (49.16) 79 (83.16) 20 (44.44)
PR status (%)
<20% 150 (39.37) 130 (72.63) <0.001° 40 (42.11) 35 (77.78) <0.001"°
>20% 231 (60.63) 49 (27.37) 55 (57.89) 10 (22.22)
Ki-67 (%)
<20% 197 (51.71) 19 (10.61) <0.001° 52 (54.74) 6 (13.33) <0.001"°
>20% 184 (48.29) 160 (89.39) 43 (45.26) 39 (86.67)

Notes: “independent-sample t-test; °chi-square test; “Mann-Whitney U-test. The bold values presented indicate statistically significant p-values.
Abbreviations: HER2, human epidermal growth factor receptor 2; ER, estrogen receptor; PR, progesterone receptor.
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Feature Extraction and Selection

Using the LASSO regression method, the optimal features were selected, resulting in the selection of 7, 2, 21, 8, 14, 17,
7, 8, and 23 radiomics features from T2WI-ITR, T2WI-3mmPTR, DWI-ITR, DWI-3mmPTR, T2WI-ITR + 3mmPTR,
DWI-ITR + 3mmPTR, (T2WI + DWI)-ITR, (T2WI + DWI)-3mmPTR and (T2WI + DWI)-ITR + 3mmPTR images,
respectively. The (T2WI + DWI)-ITR + 3mmPTR contained 13 DWI features which included a shape feature, a texture
feature, and 11 filtered features, as well as 10 T2WI features, all of which were filtered features. Detailed information
about the features can be found in the Supplementary Information.

Construction and Validation of Models

Table 3 presents the detailed predictive performance of radiomics models based on T2WI and DWI. The AUCs of the 9
models, constructed using radiomics features from T2WI-ITR, T2WI-3mmPTR, DWI-ITR, DWI-3mmPTR, T2WI-ITR +
3mmPTR, DWI-ITR + 3mmPTR, (T2WI + DWI)-ITR, (T2WI + DWI)-3mmPTR, and (T2WI + DWI)-ITR + 3mmPTR,
were 0.733, 0.707, 0.750, 0.724, 0.790, 0.833, 0.791, 0.765, and 0.860 for the training set, and 0.739, 0.705, 0.723, 0.718,
0.758, 0.759, 0.753, 0.746, and 0.781 for the test set, respectively (Figure 3). The (T2WI + DWI)-ITR + 3mmPTR
radiomics model achieved a sensitivity, specificity, accuracy, and AUC of 80.4%, 72.4%, 75.0%, and 0.860 in the training
set, and 68.9%, 70.5%, 70.0%, and 0.781 in the test set (Figure 4). Decision curve analysis (DCA) showed that the
(T2WI + DWI)-ITR + 3mmPTR radiomics model provided the greatest clinical net benefit over a threshold probability
range of 0.02 to 0.88 (Figure 5).

Discussion

In this study, intra- and peritumoral radiomics models were developed to accurately predict the histological grade of
breast cancer patients preoperatively. Especially, the (T2WI + DWI)-ITR + 3mmPTR radiomics model was clinically
useful to help therapeutic strategy optimization.

The possible reasons for the differences between histological grade I + II and III patients are as follows. First, tumor
size, which is a key indicator to assess the degree of tumor growth and invasion, is essential for the selection of surgical
modality and prognostic assessment. Previous studies have demonstrated that larger tumors tend to have higher
histological grades, which may be attributed to their faster growth rate and higher aggressiveness.”* Consistent with
these findings, our study revealed that patients with histological grade I + II had smaller lesion diameters compared to
those with histological grade III. Second, HER2, ER, and PR status are key factors in determining endocrine therapy and
targeted therapy, helping physicians determine the appropriate treatment options. HER2, a receptor exhibiting tyrosine
kinase activity, is vital for tumor cell growth and proliferation, and HER2-positive patients may benefit from targeted
therapy. Our study found that cases with histological grade III tended to have a higher HER2 expression status than
patients with histological grade II (training set: 32.40% vs 22.83%; test set: 42.22% vs 21.05%). These results agree with
those reported by Takahashi et al.*> ER and PR are hormone receptors in tumor cells. Our study revealed that patients

Table 3 Predictive Performances of 9 Radiomics Models

Models Training Set (n=560) Test Set (n=140)
AUC (95% CI) Sensitivity | Specificity | Accuracy | AUC (95% CI) Sensitivity | Specificity | Accuracy

T2WI- ITR 0.733 (0.690-0.775) | 60.3% 68.8% 66.1% 0.739 (0.656-0.822) | 73.3% 58.9% 63.6%
T2WI- PTR 0.707 (0.664-0.751) | 65.4% 63.5% 64.1% 0.705 (0.615-0.795) | 62.2% 60.0% 60.7%
T2WI-ITR + PTR 0.790 (0.753-0.828) | 77.7% 62.2% 67.1% 0.758 (0.678-0.839) | 71.1% 62.1% 65.0%
DWI- ITR 0.750 (0.709-0.792) | 72.6% 63.3% 66.2% 0.723 (0.637-0.809) | 71.1% 62.1% 65.0%
DWI-PTR 0.724 (0.682-0.767) | 71.5% 61.4% 64.6% 0.718 (0.633-0.803) | 77.8% 60.0% 65.7%
DWI-ITR + PTR 0.833 (0.799-0.867) | 76.5% 74.3% 75.0% 0.759 (0.679-0.839) | 60.0% 70.5% 67.1%
(T2WI + DWI)-ITR 0.791 (0.754-0.829) | 70.9% 71.1% 71.1% 0.753 (0.674-0.832) | 64.4% 67.4% 66.4%
(T2WI + DWI)-PTR 0.765 (0.726-0.804) | 68.7% 66.7% 67.3% 0.746 (0.666-0.826) | 73.3% 65.3% 67.9%
(T2WI + DWI)-ITR + PTR | 0.860 (0.829-0.892) | 80.4% 72.4% 75.0% 0.781 (0.702-0.859) | 68.9% 70.5% 70.0%

Abbreviations: AUC, area under the receiver operating characteristic curve; Cl, confidence interval.
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Figure 3 Comparison of AUC between the combined models and the single models in the training and test sets. (A and B) Comparison of AUC between the combined
sequence-models and the single sequence-models in the training (A) and test sets (B). (C and D) Comparison of AUC between the ITR+PTR-models and the single ITR or
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Abbreviation: AUC, area under the receiver operating characteristic curve.
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Figure 5 Decision curve analysis (DCA) of nine models. (A) Nine models of DCA in the training set. (B) Nine models of DCA in the test set.

with ER >10% and PR >20% had a higher proportion of histological grade I + II compared to grade III (training set: ER:
85.04% vs 49.16%, PR: 60.63% vs 27.37%; test set: ER: 83.16% vs 44.44%, PR: 57.89% vs 22.22%). These results
correspond to the conclusions of Takahashi et al,>* suggesting that higher levels of ER and PR correlate with lower
histological grade. Finally, Ki-67 is a measure of cellular proliferation and correlates with the degree of tumor cellular
activation. Liang et al argued that patients with higher expression of Ki-67 tend to have higher histological grades.**
Consistent with this, our study found that the percentage of patients with Ki-67 > 20% in histological grade III surpassed
that in grade I + II (training set: 89.39% vs 48.29%, test set: 86.67% vs 45.26%). Therefore, taking into account the
clinicopathological differences between histological grade I + II and III, it is possible to explore how to refer to these
clinicopathological indicators in the future, to determine the prioritization and combination of treatments to improve
treatment efficacy and patient survival.

Radiomics methods have been shown to preoperatively predict histological grade in breast tumors.>> >’ However, further
study on the value of T2WI and DWI radiomics on breast MRI for preoperatively predicting histological grade is still needed.
In our study, we found that the AUCs for T2WI combined with DWI sequences were improved compared to that of the single
T2WI or DWI sequence, regardless of whether the model was intratumoral, peritumoral, or intratumoral combined with
peritumoral. Rong et al conducted a previous study that indicated mammography-based radiomics nomograms achieved
AUCs of 0.750 in preoperatively predicting the histological grade of invasive ductal carcinoma.*® The predictive performance
of our single-sequence intratumoral model was slightly lower compared to the previously mentioned study. However, the
performances of our intratumoral combined peritumoral or multi-sequence combination models were superior. Additionally,
in another study, our T2WI + DWI-ITR models showed higher AUCs compared to those reported by Fan et al (training set:
0.788; test set: 0.744), who used radiomics features based on DCE-MRI and T2WI to predict breast cancer histological
grades,”® and this may be related to the different choice of the study sequences, and the radiomics features of DWI used in our
study may reflect tumor heterogeneity better than the features of DCE-MRI. Compared to Wang’s study which used radiomics
features based on DCE-MRI to predict the histological grade of breast cancers,” we found that the AUCs in our study were
higher than those of Wang et al in the test set (AUC:0.720).

The peritumor parenchyma can further reflect the biological characteristics of cancer foci. Previous studies have
demonstrated the strong predictive effect of intratumoral combined with peritumoral radiomics features in breast cancer
diagnosis, lymph node metastasis (LNM), and neoadjuvant chemotherapy response.”®>° Our research revealed that the
peritumoral radiomics features in both T2ZWI, DWI, and T2WI + DWI sequences showed promising predictive efficacy for the
histological grade in breast cancer, with AUCs of >0.700. Furthermore, the AUC of the intratumoral + peritumoral models
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outperformed that of the single intra- or peritumoral models (T2WI1:0.758>0.739, 0.705; DWI:0.759>0.723, 0.718; T2WI +
DWI:0.781>0.753, 0.746). Although the ideal size of the peritumoral region remains uncertain, it has been observed that the
efficacy of the radiomics model may decline as the peritumoral radius increases within a certain range.’*>' In one study by
Mao et al*® on the value of predicting the outcome of NAC for breast cancer using contrast-enhanced spectral mammography
(CESM) radiomics features, they explored the predictive efficacy of different peritumoral radii (SmmPTR, 10mmPTR) and
the combination of intra- and peritumoral radiomics features. They confirmed that the prediction efficacy of the ITR combined
with SmmPTR radiomics model (AUC: training set:0.870; test set:0.850) was higher than that of the ITR combined with
10 mm PTR radiomics model (AUC: training set:0.810; test set:0.840). In another research, Park et al’! demonstrated that the
prediction capability of the ITR combined with ImmPTR radiomics model exceeded that of the ITR combined with 3mmPTR
radiomics model for predicting neoadjuvant chemotherapy (NAC) pathological complete response, regardless of the early
stage of the enhanced scan (AUC:0.940>0.900), the late stage of the enhanced scan (AUC:0.890>0.720), or the T2WI
sequence (AUC:0.920>0.870).

The AUCs of the test set of the 9 models based on the radiomics features of T2WI-ITR, T2WI-3mmPTR, DWI-ITR,
DWI-3mmPTR, T2WI-ITR + 3mmPTR, DWI-ITR + 3mmPTR, (T2WI + DWI)-ITR, (T2WI + DWI)-3mmPTR and
(T2WI + DWD-ITR + 3mmPTR were 0.739, 0.705, 0.723, 0.718, 0.758, 0.759, 0.753, 0.746, 0.781, respectively. Taking
into account the multiple MRI sequences and the peritumoral microenvironment to conduct radiomics analysis from
multiple angles and dimensions, the 9 radiomics prediction models in our study can help physicians more accurately
assess the biology and aggressiveness of breast cancer in a clinical setting, thereby guiding preoperative decision-making.
For example, local treatments such as breast-conserving surgery or local excision may be considered for patients with
a low-grade tumor, while a wider range of treatment options such as surgical resection or chemotherapy may be
considered for patients with a high-grade tumor.****

Our study had several limitations. First, radiologists manually outline the ROI for breast cancer lesions, a procedure
that is time-consuming, subjective, error-prone, and not scalable with increasing data volumes. Therefore, an automated,
standardized, repeatable, and validated segmentation method would be more practical for future use. Second, our study
was a single-center retrospective investigation, and there was a lack of external validation, which needs to be further
improved. Third, fewer histological grade I patients were classified as grade II, which may bias the results. Increasing the
sample size, using multicenter data, or improving classification methods could improve the results. Finally, the
peritumoral region was defined by expanding the tumor outward by 3 mm. However, further research is needed to
determine whether this extension is optimal. Future work should refine and validate this extension to determine its
effectiveness.

Conclusion

In conclusion, our study indicates that intratumoral and peritumoral radiomics methods based on T2WI and DWI MR
sequences were helpful in predicting breast cancer histological grade, especially for the intratumoral + peritumoral
radiomics method based on combined T2WI + DWI sequences showing the highest predictive performance. It is
expected to be a dependable clinical tool for histological grade prediction, which potentially enhances clinicians’ ability
to make personalized treatment decisions.
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