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(ii) Abstract 20 

Objectives: The proliferation-related biomarker Ki67 is excellent in predicting the 21 

prognosis of breast cancer. 3D ultrasound imaging can provide information about 22 

coronal section images that help diagnose breast cancer. Our study aims to develop an 23 

ultrasomics method that extracts information related to Ki67 by analyzing the 24 

maximum transverse/sagittal/coronal section images of breast cancer mass.  25 
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Methods: Our study retrospectively collected data on patients who had finished 3D 26 

ultrasound examinations and were pathologically diagnosed with breast cancer. 27 

Images met the criteria were segmented, and then regions of interest (ROIs) were 28 

outlined for extracting ultrasomics features, such as statistical, morphological, texture, 29 

filter, and wavelet features. 30 

Results: The least absolute shrinkage and selection operator (LASSO) regression 31 

model selected 16 features that were closely related to the Ki67. The classification 32 

results of sensitivity, specificity, accuracy, and area under curve (AUC) of the 33 

transverse-sectional images were 0.6451, 0.8064, 0.7258, and 0.8065 (95% CI, 34 

0.6915-0.9214), respectively; for sagittal-sectional images were 0.5806, 0.7741, 35 

0.6774, and 0.6660 (95% CI, 0.5283-0.8037) respectively; for coronal-sectional 36 

images were 0.5806, 0.6774, 0.6290, and 0.7159 (95% CI, 0.5847-0.8471) 37 

respectively, and for a combination of three-section images were 0.7667, 0.7500, 38 

0.7580, and 0.8510 (95% CI, 0.7537 -0.9483). 39 

Conclusions: The model classifier based on the transverse section images performed 40 

better than that based on the sagittal/coronal section images. The model classifier 41 

based on a combination of three-section images had a better outcome than that used 42 

only single section images. Image-based ultrasomics classifiers can noninvasively 43 

predict the Ki67 of breast cancer.  44 

Keywords: Breast cancer; Ki67; computer-aided diagnosis; 3D ultrasound imaging 45 

Abbreviations: ROI, regions of interest; LASSO, least absolute shrinkage and 46 

selection operator; AUC, area under curve; ROC, receiver operating characteristic; 47 

CAD, computer-aided diagnosis; MRI, magnetic resonance imaging; IHC, 48 

immunohistochemistry; NAC, Neoadjuvant chemotherapy; pCR, pathological 49 

complete response. 50 
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(iii) full text 51 

Introduction:   52 

 Breast cancer is the most prevalent cancer among women worldwide and it has 53 

continuously ranked among the leading cancers both in terms of morbidity and 54 

mortality of women for many years [1]. It is estimated that 626,679 patients die from 55 

breast cancer worldwide in 2018, which accounts for 6.6% of all cancer-related 56 

deaths, making it the cancer with the highest mortality in women [2]. Therefore, early 57 

diagnosis and therapy play a crucial role in improving the survivability of breast cancer 58 

patients. 59 

Nowadays, breast cancer is screened by medical imaging techniques and 60 

diagnosed by immunohistochemistry (IHC) in clinical practices [3]. Medical imaging 61 

techniques, such as magnetic resonance imaging (MRI), mammography, and 62 

ultrasound, are commonly used in breast disorders because they are noninvasive and 63 

provide information about the overall anatomy of the breast tumor. MRI scans are 64 

super-sensitive to soft tissue lesions [4]. However, they cost a lot of time and money 65 

than other available tests and contain a relatively high number of contraindications. 66 

Mammography is super-sensitive to the detection of calcification, but its sensitivity 67 

decreases by 30% when scanning dense breast tissue [4]. The breast density of Asian 68 

women is generally higher than that of Western women, which slightly restricts the 69 

application of mammography in patients from Asian countries [4].
 

70 

As is well known, ultrasound is quite a convenient and time-saving imaging 71 

technique with outstanding performances of non-ionizing, low expense, real-time 72 

dynamic imaging for dense breast tissue scanning. In addition, ultrasound has been 73 

shown to play an essential role in early screening, diagnosis, and follow-up of breast 74 

cancer. Currently, it is regarded as the primary detection method for breast cancer 75 
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patients [5]. Ultrasound can assess the size, morphology, orientation, internal structure, 76 

and margins of lesions from multiple sections with high resolution [6] 3D ultrasound 77 

allows the calculation of the corresponding volume. The coronal reconstruction 78 

images of the 3D volume can show the anatomical details and spatial location of a 79 

lesion [6].  80 

IHC is extensively applied to estimate biomarkers and differentiate molecular 81 

subtypes [3]. Specifically, Ki67, is present during all active phases of the cell cycle 82 

(G(1), S, G(2), and mitosis) and is recognized as a biomarker closely connected to cell 83 

proliferation [7]. The higher the value of Ki67, the more cells are undergoing cell 84 

division, which indicates the breast tumor is more aggressive. Several studies have 85 

well-attested to the predictive and the prognosis value of Ki67 in breast cancer [8-10]. 86 

The level of the proliferation-associated biomarker Ki67 serves as a delegate of the 87 

intrinsic molecular subtypes in clinical practice [11].
 
It differentiates HR+breast 88 

tumors into two distinct molecular subtypes: Luminal A (representing low Ki67 levels) 89 

and Luminal B (representing high Ki67 levels) [11]. Also, Ki67 is one of the most 90 

important prognostic factors for NAC, patients with high Ki67 tend to be more 91 

sensitive to NAC. Many studies have recognized a high Ki67 proliferation rate to be a 92 

predictive factor for a higher percentage of pathological complete response (pCR) 93 

after NAC [12-15]. Some scholars have proposed combining the Ki67 index into 94 

AJCC 2018 staging to enhance prognostic information in breast tumor candidates 95 

undergoing genomic profiling [16]
 
to help identify patients who would most likely 96 

benefit from chemotherapy [17].
 
Regarding the patients without pCR, the Ki67 level 97 

is also important, without a decrease in the Ki67 index of residual tumors after NAC 98 

will have a poorer prognosis [18].
 
Until now, the Ki67 index of breast cancer has 99 

depended on histopathology. However, histopathology examination still has some 100 
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limitations. First, a biopsy of tumor tissue is an invasive procedure with the 101 

uncertainty of tissue sampling [19].
 
Due to the heterogeneity of tumor tissue, Ki67 102 

results of different tissue sampling can be distinctive. In addition, the visual 103 

diagnostic analysis of physicians is generally subjective, and the reproducibility 104 

among observers of the visually derived Ki67 score is weak, which may lead to 105 

misjudgment at cutoff values [20].  106 

Recent studies have shown that the hereditary and molecular features of a tumor 107 

can be captured inside medical images with the aid of computer-aided diagnosis 108 

(CAD) [3]. CAD can help analyze the tumor's overall features, excavate and extract 109 

hundreds or even thousands of quantitative features from medical images that are 110 

indistinguishable with the naked eye, and unveil the predictive and prognostic 111 

relevance between images and medical outcomes [3,21]. Numerous studies have 112 

explored the association between breast ultrasound images and some biological 113 

features [3,22-24]. The results prove that ultrasound imaging has a promising prospect 114 

of application in the evaluation of tumor heterogeneity. Coronal images of breast 115 

ultrasound could provide information beyond the conventional two-dimensional 116 

images that have reached widespread availability [6,25-27]. Still, our investigation 117 

discovered that there is no advanced research on incorporating the coronal images' 118 

information into a CAD system. Meanwhile, predicting the Ki67 proliferative index 119 

based on ultrasound images has not yet been studied. 120 

Our research aims to develop a machine learning–based ultrasomics analysis 121 

system to extract quantitative information from the Ki67 proliferative index by 122 

analyzing the maximum transverse/sagittal/coronal section images of breast cancer 123 

mass segmented from a 3D video and help clinicians predict the prognosis of patients 124 

in determining the most suitable therapeutic options.  125 
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Materials and Methods 126 

Patient Data 127 

The institutional review board of our hospital approved this retrospective study 128 

and waived the informed consent requirement. Our study retrospectively collected 129 

data on patients who had finished 3D ultrasound examinations and were 130 

pathologically diagnosed with breast cancer in our hospital between July 2017 and 131 

December 2019. 132 

Inclusion criteria were as follows: (1) Underwent ultrasound examination within 133 

two weeks before surgery; (2) single breast mass that could be recognized by 134 

ultrasound; (3) pathologically confirmed primary breast cancer; (4) precise IHC 135 

outcome of Ki67 proliferative index; and (5) no biopsy before surgery. Exclusion 136 

criteria were as follows: (1) The 3D probe could not cover the entire tumor; (2) 137 

metastatic breast disease; (3) received radiation therapy, chemotherapy, and 138 

neoadjuvant chemotherapy before ultrasound examination; and (4) incomplete clinical 139 

information. 140 

Ultimately, a total of 70 breast cancer patients met the criteria, of which 50 were 141 

Ki67 positive (Ki67 ≥ 14%) and 20 were Ki67 negative (Ki67 < 14%). 142 

US Data Acquisition 143 

In order to ensure the consistent quality of the images, we coherently used a 144 

single ultrasound device, the Philips iU elite (Philips, Netherlands), VL13-5 probe, 145 

SmPrt AdBrst with default parameter settings to perform the breast ultrasound 146 

scanning, minimizing the image variations generated by machine conditions to the 147 

best extent. Steps in the scanning procedure were as follows. First, the patient was 148 

maintained at a supine position, hands behind the head to fully expose the bilateral 149 

breast. The gel was applied evenly, then acoustic beam emission surface of the 3D 150 
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probe was placed above the breast mass. When the maximum transverse section of the 151 

mass was displayed on the screen, the sonographers used the 3D mode of the machine 152 

scanning the mass layer by layer automatically to generate a dynamic 3D video and 153 

then saved it in the image archiving and communication system. Finally, they used the 154 

built-in tool of the ultrasonic device to segment the 3D video in a 1 mm layer 155 

thickness and obtain transverse/sagittal/coronal section images in the Digital Imaging 156 

and Communications in Medicine (DICOM) format.  157 

Ki67 Assessment 158 

Pathological tissue was acquired after surgery. The pathologists assessed the 159 

Ki67 proliferation index by manually calculating the percentage of positively stained 160 

cells among the total invasive cells in the stained area. In this study, we considered 161 

Ki67 ≥ 14% to be a high proliferation level, denoted as a positive expression, while 162 

Ki67 < 14% was a low proliferation level, denoted as a negative expression [28].  163 

Image Segmentation 164 

DICOM format ultrasound images were selected from the image archiving and 165 

communication system. Senior sonographers respectively selected three images with 166 

maximum transverse section/sagittal section (perpendicular to transverse 167 

section)/coronal section (perpendicular to both transverse and sagittal section), and 168 

manually sketched the ROI according to the outline of the lesion for extracting 169 

features. ROIs of 30 patient (outlined by sonographer 1, with at least 10 years of work 170 

experience) and ROIs of all patient (outlined by sonographer 2, with at least 8 years of 171 

work experience) were chosen to evaluate the inter-observer reproducibility of the 172 

extracted features. The two sonographers were utterly ignorant about the pathological 173 

diagnoses of these patients.  174 

Features Extraction and Selection 175 
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Maximum and minimum normalized transformation was performed for 176 

ultrasound image standardization (Equation 1). Mathworks, a program coded by 177 

Matlab 2017 (Natick, MA, USA) was used to extract ultrasomics features from the 178 

ROIs of the standardized images, namely statistical (17), morphological (10), texture 179 

(including GLCM (20), GLRLM (11), GLSZM (11), and NGTDM (5)), filter (408), 180 

and wavelet features (306) [29,30].    181 

minmax

min
norm

II

II
I




                           (1) 182 

   The ultrasomics features were selected by the LASSO regression method. The 183 

LASSO regression method is a shrinkage estimation method with the idea of reducing 184 

the variable set (order reduction). It can compress the coefficients of variables and 185 

make some regression coefficients become zero through constructing a penalty 186 

function, achieving the purpose of variable selection [31].  187 

The LASSO regression optimization problem can be expressed as: 188 

sXy  


，
2

minarg                      (2) 189 

The corresponding Lagrangian can be expressed as:  190 





2

minarg Xy
 
                    (3) 191 

Where y is the target variable or the corresponding variable,   is the regression 192 

coefficient vector, X  is the data matrix corresponding to the explanatory variable, 193 

  is the penalty parameter, and s  is a constant greater than 0 and exists 194 

certain corresponding relations with  . 195 

Model Establishment and Evaluation 196 

The ultrasomics features selected by LASSO regression were evaluated by a 197 

binomial logistic regression model. As a classification model, a binomial logistical 198 
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regression model is delegated by a conditional probability table )|( XYP  in the form 199 

of parameterized logistic distribution. In this model, the random variable X  is a real 200 

number, and the random variable Y  is either 1 or 0. This model can be expressed by 201 

conditional probability distributions as follows:                   202 

 
)exp(1

)exp(
|1

bxw

bxw
xYP




                      (4) 203 

 
)exp(1

1
|0

bxw
xYP


                      (5) 204 

In the above formula, 
nRx  is the input,  1,0Y  is the output, 

nRw  and 205 

Rb  are parameters, w  is the weight vector, b  is the offset, xw  is the inner 206 

product of w  and x . 207 

The receiver operating characteristic (ROC) curve was employed to evaluate the 208 

diagnostic efficacy of the logistic regression model and to calculate the corresponding 209 

AUC, sensitivity, specificity, and accuracy.                           210 

Statistical Analysis Method                                                           211 

The reproducibility of the extracted ultrasomics features between inter-observers 212 

was analyzed using the intraclass correlation coefficient (ICC). The statistical 213 

difference among the ultrasomics features was analyzed using the Mann–Whitney U 214 

test. All statistical analysis methods, model establishment, and diagnostic efficacy 215 

assessment were performed by R statistical software. (version 3.6.2 ，216 

https://www.r-project.org/). 217 

Results 218 

Features Extraction and Selection of Images 219 

A total of 2376 ultrasomics features, evaluated for inter-group consistency, were 220 

extracted from the maximum transverse/sagittal/coronal section images of breast 221 
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cancer mass (about 792 ultrasomics features in each section). Finally, 2,152 features 222 

were selected. (ICC>0.75) 223 

The LASSO regression model further selected 16 features that were closely 224 

related to the classification of positive Ki67 and negative Ki67 from the above 2,152 225 

ultrasomics features, including 8 transverse-sectional, 4 sagittal-sectional, and 4 226 

coronal-sectional image features, which somewhat reflects that transverse-sectional 227 

images contain more proliferative information of Ki67 than other sections; the results 228 

are shown in Figure 1. For the features, the numerical values of Ki67 positive were 229 

greater than those of Ki67 negative, which was obtained by comparing the features of 230 

the transverse-sectional images. The 16 features selected by the LASSO regression 231 

model showed statistical differences between positive Ki67 and negative Ki67 after 232 

analysis by the Mann–Whitney U test, (p < 0.05), as shown in Table 1. 233 

Model Classification Results 234 

The classification results for different section models are listed in Table 2. The 235 

classification results based on the ultrasomics features of the transverse section are the 236 

best. Concerning the classification results of sagittal section and coronal section, the 237 

sensitivity, specificity, and accuracy are both worse than those for the transverse 238 

section. The AUC results for different section models are shown in Figure 2. 239 

The datasets containing all sectional ultrasomics features were divided into 240 

training and validation datasets in a ratio of 7:3 and then both the training and 241 

validation datasets were trained with the logistic regression model. The classification 242 

results of the model are shown in Table 3. Compared with the results in a single 243 

section, the model classifier combining three-section images has the best 244 

classification outcome. The ROC curves of the training dataset and validation dataset 245 

are shown in Figure 3. 246 
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Discussion 247 

In our investigation, the relationship between the quantitative sonographic 248 

features of breast cancer in a single or combined transverse/sagittal/coronal section 249 

image and the proliferation-related biomarker Ki67 was objectively assessed by using 250 

ultrasomics method. Compared with traditional statistical methods, which usually 251 

consider and evaluate limited assumptions, machine learning methods are superior in 252 

generating models to analyze images for prediction by extensively searching models 253 

and parameter spaces [32].
 
Currently, many definitive diagnoses have been made for 254 

breast disease by using the computational algorithms of ultrasomics, including 255 

identifying benign and malignant breast lesions based on the texture features of 256 

ultrasound images [33], predicting axillary lymph node metastasis and associated 257 

potential biomarkers in breast cancer [34], and analyzing the biological behavior of 258 

infiltrating ductal carcinoma of the breast [3]. 
 

259 

However, the lack of a common standard dataset in breast cancer ultrasound 260 

research limits the fair evaluation of algorithm performance. Simultaneously, the 261 

quality of ultrasonic breast images is highly dependent on the acquisition process, and 262 

the images vary significantly between different ultrasound systems, which will affect 263 

the results obtained by the algorithm. In order to solve this problem, we used the same 264 

mammary gland scanning mode of a 3D ultrasound machine to automatically scan the 265 

entire breast mass and obtain the video images, which can avoid the errors caused due 266 

to using different machines, parameters, and operators. In addition, 3D ultrasound 267 

reduces the difficulty of collection by simplifying the operation method and is 268 

characterized by the reliable function of post-processing software. 269 

Coronal section images (the surface parallel to the probe's surface) of breast 270 

cancer have been documented to provide valuable information in differentiating 271 
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benign and malignant breast masses and assessing the prognosis of breast cancer 272 

[6,25,35], but conventional 2D ultrasound scanning cannot gain the images of the 273 

coronal section, we believe that transverse/sagittal/coronal section images have their 274 

own heterogeneity and contain essential information. Therefore, our study carried out 275 

separate and integrated calculations on these three-section images, which was 276 

different from the previous research that adopted a simple 2D image of the maximum 277 

transverse section of the mass. The spread rate of the tumor can vary in all directions. 278 

Generally, a faster growth rate in a section represents a more extensive infiltration 279 

range, which indicates that this section of the tumor grows rapidly and is the most 280 

aggressive compared with other sections. Therefore, it is meaningful for us to segment 281 

the 2D images of the maximum transverse/sagittal/coronal section images to assess 282 

the prediction of proliferation-related biomarker Ki67. Our sonographers have also 283 

demonstrated that the computational model, which uses these three maximum 284 

sectional images segmented by the 3D video for calculation, possesses the advantages 285 

of excellent repeatability and small selection error among different personnel. 286 

Biomarkers of breast cancer play an essential role in the determination of 287 

treatment and prognosis of patients. Some biomarkers are prone to be differentiated 288 

within and between observers, which hinders the repeatability and feasibility of their 289 

application, and Ki67 is particularly vulnerable in this regard [36]. The St Gallen 290 

International Expert Consensus 2015 pointed out that image analysis could help 291 

reduce the variation in Ki67 scores to reveal better potential biomarkers [36],
 
which 292 

was also supported by our analysis. The maximum transverse section of a breast mass 293 

generally represents the largest section of the entire mass, indicating the quickest 294 

growing and the comparatively most aggressive. Besides, the direction of the 295 

transverse section is consistent with the direction of sound beam dispersion, which 296 
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means the image quality of this section is the highest and may contain more 297 

information than other sections. These two points were reflected in our results as the 298 

features extracted from the transverse section were the most detailed, and the 299 

prediction of Ki67 was the best.  300 

Finally, we verified the ability of the model classifier (combined three-section 301 

images) in predicting Ki67. Our results show that the model classifier analyzing all 302 

maximum transverse/sagittal/coronal section images can take full advantage of the 303 

heterogeneity information of each section and ranks first in predictive capacity, which 304 

demonstrates that ultrasomics has the potential to be an excellent noninvasive 305 

predictive method for Ki67. Ultrasomics can investigate the quantitative relationship 306 

among breast cancer sonographic features and the proliferation-related biomarker 307 

Ki67. It can also improve clinicians’ understanding of the relationship between target 308 

image features and biological features, enabling them to carry out early medical 309 

management for breast cancer patients, including therapeutic planning, 310 

therapeutic-response evaluation, and prognosis prediction. The use of ultrasound in 311 

breast diseases is universal and applicable, consequently, we believe that predict the 312 

proliferation-related biomarker Ki67 by ultrasound images will be more practical and 313 

valuable than that by other type of images. 314 

Our research had some limitations. First, our study was a retrospective study 315 

where the data were only from a single-center, and the amount of data is relatively 316 

small. Second, this study excluded tumors with a maximum diameter beyond the 317 

scanning range of the 3D probe, which may lead to selection bias in the study cohort. 318 

Third, there may be some sample bias and participation bias due to the number of 319 

Ki67 negative cases being relatively low. Fourth, our study only extracted the features 320 

from the maximum transverse/sagittal/coronal 2D section images of breast cancer 321 
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mass and used these features to represent the entire mass features. Some studies have 322 

proved that 2D texture analysis of a single section is adequate in computed 323 

tomography images, and no significant difference was found between 2D and 3D 324 

texture analysis [37].
 
However, we did not determine whether this applies to our 325 

ultrasomics study.  326 

Prospects: We first need to try our best to increase the data volume by using 327 

multi-center research. Another step would be to design a 3D algorithm to reconstruct 328 

the volume of interest （VOI） of the video directly for the sake of analyzing the 329 

whole mass features and evaluate the prediction distinction between 3D and 2D 330 

texture analysis. Furthermore, it may be innovative to combine breast ultrasound, 331 

mammography, and MR image features to comprehensively predict the 332 

proliferation-related biomarker Ki67.  333 

Conclusions 334 

Our study determined that ultrasound image-based ultrasomics classifiers can 335 

noninvasively predict the proliferation-related breast cancer biomarker Ki67. 336 

Ultrasomics can evaluate the quantitative relationship among sonographic features 337 

and the proliferation-related breast cancer biomarker Ki67, providing the needed 338 

prognostic and predictive information for breast cancer patients. 339 
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(v) tables  458 

Table1. The characteristic parameters of ki67 selected by LASSO regression 459 

Feature parameters 
Mean±Std 

p-value 

ki-67(-) ki-67(+) 

Transverse 

section 

perimeter 905.105±309.875 1191.476±310.091 <0.0001 

RLNT3_log 617.751±452.342 808.569±552.033 <0.0001 

HGRET3_log 6948.540±5623.447 11452.133±8892.17

7 

0.0011 

HGRET6_laplace 6817.058±5650.132 11189.810±8862.65

7 

<0.0001 

LRHGE_bior11 12937.849±8467.782 19314.229±10968.8

37 

<0.0001 

GLS_LZHGE_dmey 121546331.974±12552918

4.446 

294402819.256±430

306791.718 

0.0113 

Correlation_rbio11 0.879±0.064 0.890±0.062 <0.0001 

RLN_sym2 481.689±296.056 625.501±345.733 0.0039 

Sagittal 

section 

Contrast_dmey 0.212±0.222 0.1119±0.147 0.0020 

IMC2_dmey 0.228±0.133 0.159±0.093 0.0023 

Variance_dmey 4.277±5.508 2.128±1.650 0.0003 

LRHGE_dmey 16083.752±8987.511 23621.054±13.1635

82 

0.0164 

Coronal 

section 

Autocorrelation_sym2 1.553±1.798 0.799±1.067 0.0016 

Standard uniformity 2.374E-09±9.463E-09 4.639E-09±4.196E-0

9 

0.0183 

LRHGET3_log 15374.526±12527.388 20885.975±16496.8

09 

<0.0001 

NGTDM_StrengthT3_

log 

1.037±1.372 0.526±0.697 <0.0001 

Std: standard deviation; p-value: Mann-Whitney U test 460 
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Table2. Different section models’ classification results 461 

Section AUC (95% CI) Sensitivity Specificity Accuracy 

transverse section 0.8065(0.6915-0.9214) 0.6451 0.8064 0.7258 

sagittal section 0.6660(0.5283-0.8037) 0.5806 0.7741 0.6774 

coronal section 0.7159(0.5847-0.8471) 0.5806 0.6774 0.6290 

 462 

Table3. The classification results of the model 463 

Dataset AUC (95% CI) Sensitivity Specificity Accuracy 

Training 0.8383(0.7734-0.9030) 0.7746 0.7464 0.7606 

Testing 0.8510(0.7537-0.9483) 0.7667 0.7500 0.7580 

 464 

(vi) figures 465 

Figure 1. 466 

 467 

Figure 2. 468 
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 469 

Figure 3. 470 

 471 

(vii) figure legends 472 

Figure1. Extraction of ultrasomics features by LASSO regression model. (a) 473 

Performed a 10-fold interactive verification of the LASSO model to select the best 474 

adjustment parameters. (b) Sixteen ultrasomics features were selected from the model 475 

with the optimal adjustment parameters. 476 

Figure2. The AUC results of different section models. 477 

Figure3. The ROC curves of the datasets. (a) Training dataset; (b)Validation dataset. 478 
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(viii) Abbreviations 479 

ROI, regions of interest; LASSO, least absolute shrinkage and selection operator; 480 

AUC, area under curve; ROC, receiver operating characteristic; CAD, computer-aided 481 

diagnosis; MRI, magnetic resonance imaging; IHC, immunohistochemistry; NAC, 482 

Neoadjuvant chemotherapy; pCR, pathological complete response. 483 
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