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Editorial on the Research Topic


An era of personalized medicine in breast cancer: integrating artificial intelligence into practice


Breast cancer incidence rate is increasing rapidly despite the advancements made in this field. Hereditary, genetic, and obesity involvement, and the use of alcohol and contraceptives are a few of the main culprits for this disease. However, despite all the enormous research on this disease, cases continue to increase and the rate of recurrence and metastasis remains high. Late diagnosis, wrong diagnosis, and lack of personalized medicine make the condition much worse. For this purpose, there is a need to inculcate artificial intelligence into breast cancer diagnosis and treatment to decrease the rate of mortality and recurrence. The key to breast cancer cure lies in early detection, but there are always problems associated with early diagnosis. One of the major complications associated with a breast cancer diagnosis is to differentiate between carcinoma and other diseases. For this purpose, Zhou et al. developed a deep learning-based artificial intelligence automatic classification system to differentiate breast cancer malignancy from non-lactating mastitis. They found that the interpretations by the senior physician and AI module were consistent with postoperative pathological diagnosis whereas an intermediate aged physician’s interpretations of images were not consistent with postoperative diagnosis, making this method a reliable auxiliary method to distinguish between the two types of diseases with accuracy and high specificity. Breast cancer screening is accompanied by radiological images; therefore, Zhang et al. designed a study to use artificial intelligence for the detection of breast cancer. The CNN (Convolutional Neural Network) algorithm using internal and external validation datasets was used for a total of 2,538 ABUS (automated whole-breast ultrasound) images that showed a good efficiency for BIRAD 4 and 5 compared with BIRAD 2 and 3 lesions. They also concluded that lesions greater than 10 mm were better detected. Desai et al. (2021) and Nomani et al. (2022) also reported that CNN gives higher accuracy for diagnosis and detection of breast cancer. Continuous contrast-enhanced ultrasound allows radiologists to access the dynamic vascularization of vessels and tissues in real time, and this application is exploited for differentiating benign and malignant tissues using machine learning models. The 3D-ResNet-50 model and the XGBoost (Extreme gradient boost) model were best for classifying the tumor for the radiologists using CNN models (Zhu et al.). Lin et al. found that a CEUS-based (continuing education units) nomogram along with the evaluation of clinical features of breast cancer patients cannot differentiate HER2 higher-expressing breast cancers from others. Three models using preoperative CEUS reports that are divided into training and validation groups were analyzed for the study. A machine learning model-based study was conducted by Zhang et al. to reveal the association between ultrasound and early detection of sentinel lymph node status in breast cancer. For this purpose, 10 machine learning algorithms that are already available were used to predict the best diagnostic tool. It was found that the XGBoost model was best for SLN (sentinel lymph node) detection and for preoperative clinical guidance, and SHAP (SHapley Additive exPlanations) was the best tool for a visual picture. Prediction of lymph node metastasis can be done by different machine learning tools. A study on breast invasive micropapillary carcinoma was conducted to find the best model for the prediction of lymph node metastasis. The XGBoost model combined with SHAP was better than LR-based nomogram models. Tumor size was important for detection (Jiang et al.).

In addition to AI, laboratory experiments were conducted in case reports revealing genetic association with breast cancer. One of the case reports by Eskandarion et al. revealed that patients suffering from breast cancer had mutated p4EBP1, PTEN, and TP53 genes leading to the activation of the mTOR signaling pathway. She was given bevacizumab due to profiling and showed reduced liver metastasis followed by mastectomy. Drugs targeting CDK4/6 inhibitor in HR+/HER2− metastasized breast cancer patients need to be evaluated for their effectiveness. Another case study showed that the use of PI3K inhibitors requires more research in advanced breast stages using NGS to arrive at a conclusion (Mao et al.). Huang et al. conducted a meta-analysis to reveal the efficacy of taxane administered to triple-negative breast cancer patients. Taxane monotherapy was compared with taxane-based combination therapies, and it was found that the latter showed more promising results. Taxane-based combination therapies are more effective and well tolerated in advanced-stage triple-negative breast cancer patients. For effective treatment strategy, the size and volume of breast cancer tumors are important; time-consuming and confusing variations in radiologists’ reports exist. The Res-UNet convolutional neural network was used on MRI and the results were promising as they showed that it was effective in clinical decision-making for breast cancer (Yue et al.). Most breast cancer patients undergo chemotherapy followed by radiotherapy. Radiotherapy though seems less invasive but has its consequences. A 3D printed bolus is used in postmastectomy patients undergoing radiotherapy to increase dose effectivity in radiotherapy. It was found that a 3D printed bolus is more precise and caused less acute skin toxicity (Wang et al.). Jeibouei et al. wanted to evaluate the role of seroma analysis after intraoperative radiotherapy in early breast cancer. No conclusion can be deduced from the analysis of seroma studies to decipher the effectiveness of IORT because of the variation in body reactions of patients. It seems that it is related to the immune system and probably unknown or rarely studied factors in this area, such as microbiota in the body of patients. It was suggested that the question can be answered through a trial with the clinical endpoint. Radiation-induced dermatitis of grade greater than or equal to 2 can be predicted in breast cancer patients with high accuracy using multi-region dose-gradient GBDT (gradient-boosted decision trees) with a random-based forest-based encapsulation screening method. It was proved through a study by Feng et al., where they used CT images and clinical and dosimetric details of 214 breast cancer patients.

For the facilitation of breast cancer patients, Liang et al. attempted to create a breast cancer management information platform module based on patient-perceived value. The model was comprehensive and reasonable and proved to be efficient for meeting the healthcare needs of breast cancer. The module is applicable as it provides a platform for the development of subsequent modules. To reach a conclusion, this Research Topic gives detailed information regarding the use of artificial intelligence in practice starting from screening to diagnosis to personalized treatment to management models. In short, this information is interesting, informative, and applicable for oncologists and patients.
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Objective

This study aimed to evaluate a convolution neural network algorithm for breast lesion detection with multi-center ABUS image data developed based on ABUS image and Yolo v5.



Methods

A total of 741 cases with 2,538 volume data of ABUS examinations were analyzed, which were recruited from 7 hospitals between October 2016 and December 2020. A total of 452 volume data of 413 cases were used as internal validation data, and 2,086 volume data from 328 cases were used as external validation data. There were 1,178 breast lesions in 413 patients (161 malignant and 1,017 benign) and 1,936 lesions in 328 patients (57 malignant and 1,879 benign). The efficiency and accuracy of the algorithm were analyzed in detecting lesions with different allowable false positive values and lesion sizes, and the differences were compared and analyzed, which included the various indicators in internal validation and external validation data.



Results

The study found that the algorithm had high sensitivity for all categories of lesions, even when using internal or external validation data. The overall detection rate of the algorithm was as high as 78.1 and 71.2% in the internal and external validation sets, respectively. The algorithm could detect more lesions with increasing nodule size (87.4% in ≥10 mm lesions but less than 50% in <10 mm). The detection rate of BI-RADS 4/5 lesions was higher than that of BI-RADS 3 or 2 (96.5% vs 79.7% vs 74.7% internal, 95.8% vs 74.7% vs 88.4% external). Furthermore, the detection performance was better for malignant nodules than benign (98.1% vs 74.9% internal, 98.2% vs 70.4% external).



Conclusions

This algorithm showed good detection efficiency in the internal and external validation sets, especially for category 4/5 lesions and malignant lesions. However, there are still some deficiencies in detecting category 2 and 3 lesions and lesions smaller than 10 mm.





Keywords: automatic breast ultrasound (ABUS), convolution neural network, breast cancer, detection, validation data



Introduction

Breast cancer is the most common cancer and a leading cause of cancer death in women worldwide, but precise detection can provide an opportunity for timely treatment (1). Among the various detection methods, B-mode ultrasound screening technology is favored and recommended as a routine diagnostic tool because of its low cost and rapid imaging (2). Although breast ultrasound imaging can characterize the suspicious tumor area of the breast tissue, it has high technical dependence on the operator, poor diagnostic repeatability, long time-consuming and low accuracy, and massive daily image analysis aggravates the burden of clinical radiologists (3). Furthermore, the inconsistency of different radiologists on the same image may lead to severe false-positive problems, thereby delaying effective treatments (4).

Automatic breast ultrasound (ABUS) imaging has become an essential tool in breast cancer diagnosis. ABUS is considered to have high repeatability, low operator dependence, less time consuming by radiologists in image acquisition, automatic three-dimensional reconstruction of the whole breast, coronal information, and a relatively wide observation field. Studies have shown that mammography (MG) plus ABUS examination can increase the detection rate of breast cancer in women with dense breasts, particularly the detection rate of small lesions (5). A multi-center study on Chinese women showed that ABUS had good reliability compared with handhold ultrasound (HHUS) and MG (6). The other study conducted in the United States showed that it could help improve the detection rate of breast cancer by adding ABUS to breast cancer screening (7).

Although ABUS has many advantages, it also inevitably aggravates the workload of screening and diagnostic examiners. Different computer-aided diagnosis (CAD) systems have been developed to standardize and accelerate diagnostic procedures (8). Relevant studies suggest that computer-aided diagnosis software could effectively improve the detection of lesions and the speed of diagnosis (9). However, in breast cancer imaging research, deep learning (AI or computer-aided diagnosis CAD) has mainly focused on mammography or ultrasound 2D/3D imaging combined with deep learning (10–12). In lesion detection and diagnosis, accurate segmentation of the breast mass in a 3D ABUS image is an essential task in ABUS image analysis. It also plays a vital role in designing a computer-aided detection or diagnostic system (13–15). Recently, deep learning techniques have made significant progress in medical image segmentation (16–18). The convolution neural network (CNN) has become a promising choice in breast ultrasound image segmentation (19–22).

The diagnostic process of breast lesions includes detection, diagnosis, and treatment. Lesion detection is the premise of this diagnosis. A single ABUS volume image could have 320 frames with a layer thickness of 0.5 mm. The amount of data in ABUS images is more than that in most natural images. The cost of manually marking breast lumps is high. Direct training of large-scale segmentation networks with tens of millions of parameters may introduce potential over-fitting (23). This study aimed to evaluate a convolution neural network algorithm for breast disease detection, developed based on ABUS image and Yolo v5. The efficiency and accuracy of the algorithm were analyzed in detecting lesions with different allowable false positive values and lesion sizes, and the differences were compared and analyzed, which included the various indicators in internal validation and external validation data.



Materials and Methods


Patients

This multi-center retrospective study was conducted following the Declaration of Helsinki and was approved by the local institutional review board (ZE2020-232). A total of 32,493 cases of ABUS examination were analyzed, which were collected from 7 hospitals (GDHCM, BHLY, CFFIC, PHHKS, YDHSZ, LKMC, and JBMH) between October 2016 and December 2020. The inclusion criteria of this study were: ① The quality control requirements of ABUS were met; ② Malignant lesions were confirmed by pathology; ③ The clinical information of the case was complete; and ④ benign lesions required a biopsy or follow-up for more than 2 years by ultrasound, mammography or MRI. The exclusion criteria in this study were: ① the quality control requirements of the image were not met; ② the patient had a history of breast trauma, surgery, mastitis, etc.; ③ suspected malignant tumor without pathological results; ④ benign lesions failed to follow up as required; and ⑤ other conditions could affect diagnosis. Finally, 30,515 cases were excluded from the study.

All training and test data were from the Guangdong Province Hospital of Chinese Medicine because each case needed a bilateral breast examination, and some lesions could be displayed in two or three-volume data. The training set collected 3,457 ABUS volume data from 936 cases (age range 18–70 years, average 41.54 ± 11.22 years), 221 malignant lesions and 3,662 benign lesions, and 791 confirmed lesions by pathology. Another 1,406 ABUS volume data of 301 cases (age range 26–69 years, average 42.37 ± 12.48 years) were used for validation, including 57 malignant lesions and 885 benign lesions, and 247 lesions were confirmed by pathology.

The other 741 cases with 2,538 volume data were included in the validation data. A total of 452 volume data of 413 cases (age range 23–67 years, average 41.21 ± 11.93 years) were used as internal validation data (IVD), including 161 malignant lesions and 1,017 benign lesions. A total of 214 lesions of BI-RADS 4 or 5 and 47 lesions of BI-RADS 3 were confirmed by pathology. The other lesions were followed up to rule out the possibility of malignancy. A total of 328 cases (age range 22–65 years, average 40.32 ± 13.44 years) with 1,086 volume data were used as external validation data (EVD), which included 57 malignant lesions and 1,879 benign lesions. A total of 96 lesions of BI-RADS 4 or 5 and 29 lesions of BI-RADS 3 were confirmed by pathology, and the other lesions were followed up as required. All cases with dense breasts were collected in this study (Figure 1).




Figure 1 | Flowchart of the study population in the training set, testing set and validation set.





Quality Control and Reference Standard

All cases were scanned according to the scanning specifications recommended by the ABUS use manual. The standard images of unilateral breast scanning are AP, LAT, and MED. SUP and INF can be added when the breast is large. So each case had 4 to 8 volumes of data. The quality control standard recommended by the GE ABUS use manual was used for quality control, and the volume data with lesions were collected. In this study, two doctors (XW and YD) with more than 5 years of experience in ABUS were used for quality control.

Two senior radiologists (ZS and CL, with 10 and 15 years of experience in breast ultrasound diagnosis) confirmed all lesions regarding pathological or follow-up results. Cases with differences were judged by another senior radiologist (ZS, with 25 years of experience in breast ultrasound diagnosis).



Methods and Data Annotation

The algorithm (Volume-Breast Ultrasound Intelligent Lesion Detection System, V-BUILDS) was confirmed to have a data enhancement strategy of Mosaic data enhancement ratio of 0.5 and a mixed data enhancement ratio of 0, which was based on Yolo V5. It adopts WBF for model fusion, adds the detection model of the transformer encoder module method, and the algorithm obtained the 3D RESNET reducing false-positive method to detect, verify, and compare the internal and external data. The YOLOv5 classifiers were trained using the open-source Python library Image AI. In the development of the algorithm, the training and testing set were applied to the training and testing of this algorithm. The flowchart is shown in Figure 2.




Figure 2 | The detection network architecture of our proposed framework. It included a detection model and a three-dimensional false positive reduction model. The ABUS volume was sliced along the cross-section in the detection model training to obtain a two-dimensional image. Four training set images were randomly selected in each study. The improved Mosaic data enhancement method was input into the network for training to develop the three-dimensional false positive reduction model. This model took the lesion as the center, cut the tumour region, inputted it into the three-dimensional classification network, and classified the multi-scale features of the classification network after ROI pooling. In the stage of network reasoning, the slice data of volume are input into the network in turn, and the detection frames of adjacent slices are combined through NMS to obtain a three-dimensional detection frame. According to the three-dimensional detection frame, the ROI area was cut from the original volume data and inputted into the false positive reduction network to obtain the probability that the location was a lesion.



In this study, PAIR was used to annotate ABUS images (PAIR was a multifunctional labeling software developed by the Medical Ultrasonic Image Computing Lab Music of the medical department of Shenzhen University based on C++). The pair has the advantages of supporting multiple data formats, labeling tasks, custom feature attributes, integrating deep learning semi-automatic labeling, and ensuring data security.



Equipment and Computation Platform

All images were acquired by INVENIA ABUS 1.0 (model 5500-4400-01, GE Healthcare, USA), using a C15-6 × W arc probe with a central frequency of 10 MHz. The examination depth was adjusted according to the size of the breast volume of the patient. The pixel size of the ABUS images was 0.27 × 0.27 × 0.5 mm.

The proposed method was implemented on an NVIDIA RT × 2080TiCPU, Intel(R) × eon(R) Silver 4210 CPU, PyTorch1. 7.0. The model construction of fast RCNN, Retinanet, and Fcos was carried out on the detectron2 framework.



Classification Performance Evaluation and Statistical Analysis

To evaluate the performance of the breast lesion detection model, accuracy (ACC), sensitivity (SEN), specificity (SPE), false positive (FPS), negative–positive (NPS), positive predictive value (PPV), negative predictive value (NPV), and Youden index (Yi) were evaluated by F1 score (F1). An independent sample t-test was used for inter-group comparison, and the rank-sum test (Mann–Whitney U test) was used for those who did not obey normal distribution or uneven variance. Inspection-level α = 0.05 (normality test, α = 0.10).

Additionally, this study also used the FROC curve to study the relationship between model sensitivity and false-positive ratio, in which vertical sitting represents sensitivity, and the abscissa represents the ratio of the number of false-positive lesions to the number of true positive lesions.




Results


Pathology and Follow-Up Results of Different Data Sets

Each data set contained multiple pathological types of lesions confirmed by pathology. As shown in Table 1, invasive carcinoma (non-special type) is the most common breast malignant tumor, while fibroadenoma is the most common benign breast tumor. Most lesions were benign and confirmed after more than 2 years of follow-up.


Table 1 | Pathology and follow-up results of different datasets.





Lesion Detection in Internal and External Validation Data Based on Different False Positive Values

As shown in Table 2, the sensitivity indicators of different categories of data to false-positive values were analyzed based on the comparison of internal and external validation data. The overall detection rate of the algorithm was as high as 78.1 and 71.2% in the internal and external validation sets. The study showed that 0.5 false-positive values per frame were susceptible to all categories of data, whether internal or external validation data. With the increase in the number of false positives allowed per frame, the detection sensitivity of each lesion also increased slightly. However, the sensitivity was 93.2% for detecting category 4/5 lesions in the internal validation set when 1.5 false positives were allowed per frame. Moreover, when 4 false positives were allowed per frame, the sensitivity was 96.5%. In the external validation set, the detection performance of category 4/5 lesions was similar. When 3 false positives were allowed per frame, it reached its highest value, and the sensitivity was 95.8%. However, the detection of category 2 and 3 lesions in the internal set and category 3 lesions in the internal and external set failed to reach 80%. With the increase in the number of the false positives allowed per frame, the detection sensitivity increased slightly. The detection rate of BI-RADS 4/5 lesions was higher than that of BI-RADS 3 or 2 (96.5% vs 79.7% vs 74.7% internal, 95.8% vs 74.7% vs 88.4% external) (P <0.001). This relationship could be more visually expressed in Figure 3.


Table 2 | When false positives (FPS) are allowed in different frames, the detection rates of different BI-RADS categories of lesions in different validation sets (IVD and EVD) were shown.






Figure 3 | When false positives(FPS) are allowed in different frames, the detection rates of different BI-RADS categories of lesions in different validation sets were shown in the figure. The detection rate of malignant lesion in different validation set was although shown in the figure.





Analysis of Lesion Size and Missed Diagnosis of Internal and External Validation Data

In this group of cases (Table 3), for the internal validation data set, the non-detection rate of lesions less than 5 mm was 55.6%, and the non-detection rate of 5–10 mm lesions was 25.3%. The non-detection rate of lesions more significant than 10 mm was 12.6%. In the external validation data set, the non-detection rate of lesions less than 5 mm in this algorithm was 61.4%, the non-detection rate of 5–10 mm lesions was 28.8%, and the non-detection rate of lesions more significant than 10 mm was 15.6%.The algorithm could detect more lesions with the increasing nodule size (87.4% in ≥10 mm lesions, but less than 50% in <10 mm). However, there was no difference between the two sets (P >0.05). Figure 4 shows the composition of the size detection relationship of each category.


Table 3 | In the internal (IVD) and external validation (EVD) sets, the number of possible benign (category 2 or 3) and suspicious malignant lesions (category 4 or 5) of different sizes and the number of detected lesions of different sizes.






Figure 4 | Histogram of different categories of lesions in internal validation data (A) and external validation data (C) sets and lesions of different sizes was shown in the figure. The detection rate of different sizes of lesion in internal validation data (B) and external validation data (D) sets was shown in the figure.





Study on the Detection Rate of Malignant Lesions by Internal and External Validation Data

As shown in Table 4 and Figure 3, the detection rate of malignant lesions was higher than that of category 4/5 lesions (Table 2) in the internal validation set. Under the condition of allowing an average of 0.5 false positives per frame, the current detection rate reaches 91.3%. When three false positives per frame were allowed, the detection rate reached 96.9%. The current detection rate reaches 93.0% in the external verification data when the condition of allowing an average of 0.5 false positives per frame is met. When 1.5 false positives per frame were allowed, the detection rate reached 94.7%, and when 2.5 false positives per frame were allowed, the detection rate reached 98.2%.


Table 4 | The detection rate of malignant lesion in different data set was listed when different false positives (FPS) were allowed.






Discussion

To our knowledge, this is the first study to develop the lesion detection algorithm based on ABUS volume data and evaluate its internal and external detection efficiency. In recent years, ABUS has become a popular imaging modality in breast cancer detection and diagnosis because ABUS improves the sensitivity of dense breast detection and can be successfully applied to the visualization and characterization of breast lesions (24, 25). Therefore, the analysis of ABUS images has attracted the attention of more and more attention of radiologists and researchers (9). This study applied the deep learning algorithm (V-BUILDS) to the completed model training and 3D false positive reduction network. Based on the ABUS data, the false-positive allowable values of different frames were externally verified for the data from multiple centers. The differences between internal and external verification and the differences in various indicators such as lesion detection efficiency and accuracy were compared and analyzed. The research showed that this algorithm had high detection efficiency for different categories of lesions, and the total detection efficiency for all lesions was slightly lower. However, it had a high detection efficiency for category 4 and 5 lesions, especially malignant lesions. The detection rate for category 4 and 5 lesions differed from that of category 2 or 3 in each dataset (P <0.001). The detection rate can reach 0.963 when 1.5 false positives per frame are allowed in the internal verification set.

Some cases are difficult to diagnose because of the characteristics of low signal-to-noise ratio, severe artifacts, blurred margin, and the height change of the shape (9), the small volume of the lesion, and the insufficient number of images. Such lesions may occur in different categories of lesions. However, it is difficult to compare with the surrounding tissues in the detection process, which can easily lead to missed detection or misjudgment. These conditions also occurred in lung lesions detected by CNN (26–28). In this study, when the lesion diameter was less than 10 mm, the detection rate of the lesion was low. However, when the diameter of the lesion was greater than 10 mm, the detection rate of the lesion increased significantly with the increase in the diameter of the lesion. These results were consistent with those reported in the literature (29). It is important to point out that the small lesion is usually the early stage of cancer or a benign lesion. Furthermore, it was difficult to detect with all kinds of images. There were a certain proportion of large undetected and some medium-sized lesions in the external validation data. After analyzing the causes, it was found that the edge of the lesion was blurred, the lesion (a benign lesion) was too large (almost occupying the whole breast), and the lesion scope was uneven and resembled the echo of normal gland tissue. The lesion image (pathological result: malignant lesion) was a non-mass breast lesion with an unclear boundary between the scope and surrounding tissues, heterogeneous echo, ductal hypoechoic, or only localized hypoechoic with distortion of surrounding structures.

In the external validation, the detection of category 3 lesions was always less than that of category 2 lesions. The possible reason was that category 2 lesions were mainly manifested as breast cysts (30, 31), so they had a high detection rate. The hyperplasia lesion in category 3 belonged to uncertain lesions without a clear margin (32). The detection of this lesion needs to be determined by normal glands. When there are numerous hyperplasia lesions in the dataset, it is difficult to identify them by an artificial intelligence algorithm. In this study, there was no statistical difference in detecting malignant lesions in different data sets. The BUILDS achieved high detection sensitivity of 91.3% (IVD) and 93.0% (EVD) at 0.5 false positives per scan. The detection rate in IVD was 98.1% at 3.5 false positives per scan, and the detection rate in EVD was 98.2% at 2.5 false positives per scan. Compared to the reported performance of recently published studies on different datasets, this result was comparable to the numbers reported in a recent multi-view convolutional network study (33) and was much better than the recently published 3D CNN lung lesion detection work (34).

In this group of cases, to ensure that the training and testing set data were widely representative, the included cases were universal and often accompanied by multiple lesions. At the same time, there was the coexistence of benign and malignant lesions, which included numerous hyperplasia lesions. The detection rate of type 2 and 3 lesions in this study was lower, but it was significantly higher than that in previous studies (32, 35–37).

There were several limitations to this study. Firstly, there were some limitations in the amount of research data and some differences in image quality in this multi-center retrospective study. Secondly, the different locations of the lesion may affect the detection of the lesion. When the lesion was located at the edge of the image, it may lead to false judgment due to insufficient local pressure or incomplete display of the lesion. Moreover, if the lesion was located behind the nipple, the lesion was often unclear or incomplete because of the acoustic shadow of the nipple. Additionally, some lesions in this group were too small and lacked pixels, which will also lead to detection difficulties.

This algorithm showed good detection efficiency in internal and external validation, especially for category 4/5 lesions and malignant lesions. However, there are still some deficiencies in detecting category 2 and 3 lesions and lesions smaller than 10 mm. This study showed that this algorithm could be an effective auxiliary tool for lesion detection in ABUS.
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Background

This study aimed to determine an optimal machine learning (ML) model for evaluating the preoperative diagnostic value of ultrasound signs of breast cancer lesions for sentinel lymph node (SLN) status.



Method

This study retrospectively analyzed the ultrasound images and postoperative pathological findings of lesions in 952 breast cancer patients. Firstly, the univariate analysis of the relationship between the ultrasonographic features of breast cancer morphological features and SLN metastasis. Then, based on the ultrasound signs of breast cancer lesions, we screened ten ML models: support vector machine (SVM), extreme gradient boosting (XGBoost), random forest (RF), linear discriminant analysis (LDA), logistic regression (LR), naive bayesian model (NB), k-nearest neighbors (KNN), multilayer perceptron (MLP), long short-term memory (LSTM), and convolutional neural network (CNN). The diagnostic performance of the model was evaluated using the area under the receiver operating characteristic (ROC) curve (AUC), Kappa value, accuracy, F1-score, sensitivity, and specificity. Then we constructed a clinical prediction model which was based on the ML algorithm with the best diagnostic performance. Finally, we used SHapley Additive exPlanation (SHAP) to visualize and analyze the diagnostic process of the ML model.



Results

Of 952 patients with breast cancer, 394 (41.4%) had SLN metastasis, and 558 (58.6%) had no metastasis. Univariate analysis found that the shape, orientation, margin, posterior features, calculations, architectural distortion, duct changes and suspicious lymph node of breast cancer lesions in ultrasound signs were associated with SLN metastasis. Among the 10 ML algorithms, XGBoost had the best comprehensive diagnostic performance for SLN metastasis, with Average-AUC of 0.952, Average-Kappa of 0.763, and Average-Accuracy of 0.891. The AUC of the XGBoost model in the validation cohort was 0.916, the accuracy was 0.846, the sensitivity was 0.870, the specificity was 0.862, and the F1-score was 0.826. The diagnostic performance of the XGBoost model was significantly higher than that of experienced radiologists in some cases (P<0.001). Using SHAP to visualize the interpretation of the ML model screen, it was found that the ultrasonic detection of suspicious lymph nodes, microcalcifications in the primary tumor, burrs on the edge of the primary tumor, and distortion of the tissue structure around the lesion contributed greatly to the diagnostic performance of the XGBoost model.



Conclusions

The XGBoost model based on the ultrasound signs of the primary breast tumor and its surrounding tissues and lymph nodes has a high diagnostic performance for predicting SLN metastasis. Visual explanation using SHAP made it an effective tool for guiding clinical courses preoperatively.





Keywords: breast cancer, ultrasound signs, sentinel lymph node metastasis, XGBoost, SHAP



Introduction

Breast cancer is the most common malignancy in women, and its incidence is increasing annually (1). Whether sentinel lymph node (SLN) metastases have important clinical significance for breast cancer staging, surgical selection, and prognosis is still being determined. Sentinel lymph node biopsy (SLNB) is the gold standard for diagnosing SLN metastasis of breast cancer. An invasive method, SLNB may cause complications such as infection at the puncture site and hematoma (2). Moreover, SLNB has a false-positive rate of 5%–10% (3), which leads to the possibility of secondary surgery. This urgently requires imaging to accurately determine the status of SLNs, to avoid extensive lymph node dissection and minimize the trauma to patients.

Ultrasonography has become the preferred method for breast diseases due to its advantages of non-invasiveness, high reproducibility, and good patient cooperation (4). Previous studies (5) showed that the morphological characteristics of the primary breast cancer have a certain relationship with the activity (biological behavior) of the tumor, and its morphology will change with the biological behavior such as lymph node metastasis. This suggests that monitoring the morphological features of breast cancer lesions is of great value in assessing SLN status. Conventional ultrasound can provide macroscopic features of lesions, but the weight of these macroscopic features in relation to SLN status is unclear.

Machine learning (ML) algorithms have been applied in the medical field for outcome prediction, diagnosis, and treatment (6). For example, ML model has been used to differentiate between benign breast nodules and breast cancer based on ultrasound images (7). But the logic and complexity of various ML algorithms are different (8), and there may also be differences in clinical application. A study (9) compared the diagnostic performance of different ML algorithms in the diagnosis of benign and malignant thyroid nodules and found that the random forest (RF) model achieved the best area under the receiver operating characteristic (ROC) curve (AUC) (0.924). Due to the complex nonlinear relationship of some ML algorithms, the model results are difficult to interpret, resulting in a “black-box” problem (10), which limits the clinical application of predictive models. Therefore, the interpretability algorithm of ML model results has become a new research focus (11). SHapley Additive exPlanation (SHAP), based on cooperative game theory, has global and local interpretability, interpreting the predicted value of the model as the sum of the contribution values of each input feature, that is, the shapley value. Compared with other explanation methods in previous literature, SHAP can visualize the prediction process of complex ML prediction models. These advantages make it possible to solve the “black-box” problem of complex ML models with SHAP. At present, SHAP has been successfully applied to intraoperative hypoxemia risk prediction (12) and COVID-19 prognosis assessment (13). Therefore, this study aimed to develop a ML model based on the ultrasound signs of breast cancer lesions and surrounding soft tissues and lymph nodes to predict the risk of axillary lymph node metastasis in breast cancer patients. Using SHAP to visually interpret the prediction results of the ML model, so as to guide the clinical formulation of personalized diagnosis and treatment plans. The SHAP also can promote the clinical application of the prediction model.



Materials and methods


Patients

As a retrospective study, this study was approved by the Ethics Committee of the First Affiliated Hospital of China Medical University (AF-SOP-07-1.1-07), which waived the requirement for patient informed consent. All patients in this study underwent ultrasonography of breast cancer lesions and ipsilateral axillary lymph nodes in our department. The inclusion criteria were as follows: (1) patients with primary breast cancer who were first discovered and had no history of other malignancies; (2) no axillary mass was found on physical examination; (3) ultrasound examination within 2 weeks before breast cancer surgery or percutaneous biopsy of the lesion; (4) no other adjuvant therapy such as chemotherapy or radiotherapy was performed before ultrasound examination; (5) and the ultrasound image of the lesion was clear and complete. The exclusion criteria were as follows: (1) non-single lesions; and (2) absence of clinical data and pathology. Finally, we screened 902 consecutive female patients with breast cancer from June 2017 to June 2021 as a primary cohort, constructed a predictive model, and performed internal validation, with a mean age of 49.98 ± 9.81 years (range: 24–86 years). Following the same inclusion and exclusion criteria, we screened another 50 female patients with breast cancer from July 2021 to December 2021 as a validation cohort, with a mean age of 49.82 ± 10.99 years (range: 25–74 years). Pathological findings of all patients in the primary cohort and validation cohort were confirmed postoperatively or after percutaneous needle biopsy.



Ultrasound evaluation

In this study, three types of ultrasonic diagnostic instruments including Hitachi HI VISION Ascendus (Hitachi Medical Corp., Tokyo, Japan), Canon APLIO 500 (Canon Medical Systems Corp., Otawara, Japan), and SuperSonic Aixplorer (SuperSonic Imagine SA, Aix-en-Provence, France) were used for image acquisition, all of which were equipped with superficial high-frequency linear array probes with a frequency of 8–15MHz. Images were stored in the picture archiving and communication system (PACS) workstation for further analysis. Ultrasound signs of breast cancer lesions images in the PACS workstation were evaluated by two experienced radiologists without knowledge of the exact pathological findings. To assess intra- and inter-observer reproducibility, radiologist A assessed all ultrasound signs in the primary cohort and reassessed these after 1 week to test for intra-observer consistency. All ultrasound signs in the primary cohort were also assessed by radiologist B and compared with those from radiologist A to test for interobserver agreement. The evaluation of ultrasound signs mainly included the shape of the original lesion (oval, round, or irregular), orientation (parallel or not parallel), margin (circumscribed, indistinct, angular, microlobulated, or spiculated), echo pattern (hyperechoic, isoechoic, hypoechoic, anechoic, or complex cystic and solid), posterior features (no posterior features, enhancement, or shadowing), calcifications (no calcification, macrocalcification, microcalcification, or rim calcification), architectural distortion, duct changes, hyperechoic halo, and suspicious lymph nodes. Lymph node classification criteria (14) were evaluated, with categories 1–3 considered benign, and categories 4–6 considered metastatic.



Data preprocessing

Firstly, we performed univariate analysis of all data from the primary and validation cohorts to screen for ultrasound signs associated with SLN metastasis. Then, it was found by statistics that the number of samples in the SLN transfer group with a small number of samples accounted for 41.4% (394/952) of the total number of samples, which was a balanced sample. Therefore, no relevant processing to deal with data imbalance, such as over-sampled or under-sampled, is performed on the dataset. Finally, in order to speed up the training and improve the diagnostic performance of the model, we standardize and normalize the dataset. For details of data preprocessing, see Supplementary Material 1.



Screening and validation of machine learning models

The 902 samples in the primary cohort were randomly divided into ten parts, and 10-fold cross-validation were performed on 10 ML algorithms such as support vector machine (SVM), extreme gradient boosting (XGBoost), RF, linear discriminant analysis (LDA), logistic regression (LR), naive Bayesian model (NB), k-nearest neighbors (KNN), multilayer perceptron (MLP), long short-term memory (LSTM) and convolutional neural network (CNN). The diagnostic performance of all ML algorithms was adjusted by grid search algorithm to optimize the performance of the ML model and avoid overfitting of the model. We comprehensively evaluated the diagnostic performance of 10 algorithms for predicting breast cancer SLN metastasis using the Average-AUC, Average-Kappa and Average-Accuracy derived from the 10-fold cross-validation. Then, the entire primary cohort was used for 10 ML models for training. The diagnostic performance of the ML model was verified through the validation set data, and the diagnostic performance of all models were evaluated using the ROC curve and the detection error trade-off (DET) curve. Then we used the learning curve to verify the fit of the best performing model. Finally, we compared the best performing ML algorithm with experienced radiologist.



Visualizing machine learning models

SHAP measures feature importance by calculating the contribution value, while describing whether the influence of the feature is positive or negative (15). We also utilize SHAP for the visual interpretation of the ML models both holistically and individually (16), which facilitates the clinical applications of the ML model (Figure 1).




Figure 1 | The flowchart of the study.





Statistical analysis

SPSS (v. 26.0; IBM Corp., Armonk, NY, USA) statistical software was used. Continuous variables were expressed as (x̄ ± s) using independent samples t-tests and the F-test; categorical variables were expressed as frequencies using the χ2 test and Fisher’s exact test. P<0.05 means the difference is statistically significant. Kappa (K) analysis was used to assess intra- and inter-observer agreement. Data analysis used 10 ML algorithms from the Scikit-learn (https://scikit-learn.org/stable/) and Pytorch (https://pytorch.org/) packages in Python (version 3.8). Among them, SVM, XGBoost, RF, LDA, LR, NB, KNN, MLP are from Scikit-learn, and LSTM and CNN are from Pytorch. SHAP (https://github.com/slundberg/shap) was performed using the SHAP Python framework (version 0.40.0).




Results


Basic clinical features of breast cancer patients

The pathological results of 902 patients in the primary cohort are shown in Table 1, of which 305 were confirmed by surgery, and 597 were confirmed by percutaneous needle biopsy. There were 372 cases in the SLN metastasis group, with an average age of 49.53 ± 9.55 years (range: 26–86 years). There were 530 patients in the SLN non-metastatic group, with an average age of 50.29 ± 9.97 years (range: 24–82 years). There was no significant difference in age between the two groups (t=1.153, P=0.249).


Table 1 | Pathological types of breast cancer patients in the primary cohort.





Ultrasound signs of breast cancer lesions

Univariate analysis of ultrasound signs in the primary cohort and validation cohort to screen for risk factors associated with breast cancer SLN metastasis (Table 2). We found that the echo pattern (P=0.613) and hyperechoic halo (P=0.855) of lesions were not significantly different between the two groups and were removed. The remaining eight key ultrasound signs, such as shape, orientation, margin, posterior features, calculations, architectural distortion, duct changes and suspicious lymph node, were used for ML algorithms screening.


Table 2 | Univariate analysis of breast cancer SLN metastasis in primary and validation cohorts.





Choosing a machine learning model

The intra-observer K value of radiologist A was 0.887–0.938 in the two evaluations of the ultrasound signs of lesions, and the inter-observer K value of radiologists A and B was 0.876–0.917. This shows that the evaluation of ultrasound signs was stable and reproducible. All results of this study are based on the ultrasound features of the lesion as assessed by radiologist A.

Based on the screened eight key ultrasound signs, the ROC curves of 10 ML models of SVM, XGBoost, RF, LDA, LR, NB, KNN, MLP, LSTM and CNN were compared by 10-fold cross-validation (Figure 2). And the models were screened by Average-AUC, Average-Kappa and Average-Accuracy (Table 3). We found that the XGBoost model had the best Average-AUC (0.952), Average-Kappa (0.763) and Average-accuracy (0.891). Subsequently, we used the entire data from the primary cohort to train 10 ML models. Finally, external validation of the model used validation cohort has showed that the diagnostic performance of the XGBoost model was still the best (Figure 3). The AUC of the model was 0.916, the accuracy was 0.846, the sensitivity was 0.870, the specificity was 0.862, and the F1-score was 0.826 (Table 4). This further justifies the correctness of our model selection and experimental procedures. The DET curve shows that the false rejection rate and false acceptance rate of the XGBoost model are lower than other models (Figure 4). Additionally, we verified the fit of the model using the learning curve, and the XGBoost model showed a good fit (Figure 5). The Supplementary Material 2 shows the modeling process of the XGBoost algorithm. Finally, we selected the XGBoost algorithm, with the best diagnostic performance, and compared it with the diagnoses from radiologist A.




Figure 2 | The 10-fold cross-validation of machine learning algorithms.




Table 3 | Screening Evaluation Metrics for Machine Learning Algorithms Using 10-fold cross-validation.






Figure 3 | ROC curves of the validation cohort.




Table 4 | Externally validate the performance of machine learning models.






Figure 4 | Validation cohort DET curves of 10 machine learning models.






Figure 5 | Learning curve of the XGBoost model.





Factors affecting diagnostic performance of XGBoost model

We utilized SHAP to visualize the XGBoost model results. The SHAP bar graph (Figure 6) was obtained by analyzing the mean value of the absolute SHAP values of eight ultrasound signs to show the degree of influence on the final predicted probability. The SHAP scatterplot (Figure 7) shows the positive or negative impact of each ultrasound sign on the predicted probability through different colors. We found that suspicious lymph nodes, with microcalcifications, spiculation at the edge of the lesion, and distorted tissue structure around the lesion, had a greater positive impact on the diagnosis of SLN metastasis in the XGBoost model. A Sankey diagram shows the distribution of key ultrasound signs in the primary cohort (Figure 8). The SHAP effort plot (Figure 9) demonstrates the cumulative effect of the contribution of each ultrasound sign in the primary cohort on the final decision. Figures 10, 11 show two examples of correctly predicted SLN transfer and no transfer, respectively. SHAP waterfall plots (Figures 10C, 11C) demonstrate the positive and negative effects of each ultrasound sign on the predicted outcome in a single case. E[f(x)] represents the basic prediction probability of the XGBoost model, and f(x) represents the final prediction probability of the model.




Figure 6 | The bar graph of the SHAP summary graph shows the effect of each ultrasound sign on the XGBoost model. “Suspicious lymph node” was the factor that contributed the most to the prediction result, and margin, architectural distortion, and calculations also had a higher contribution to the prediction result.






Figure 7 | The scatter plot of the SHAP summary chart visually reflects the relationship between the feature value and the predicted probability through color, including positive and negative prediction effects. The three signs of “suspicious lymph node,” “architectural distortion,” and “calculations” are very clearly divided, and the margin is relatively clear. The higher the value (red), the greater the possibility of SLN transfer.






Figure 8 | Sankey plot shows the distribution of ultrasound signs of breast cancer lesions in the primary cohort.






Figure 9 | The force plot of the SHAP summary plot reflects the positive or negative impact of the eigenvalues on the diagnosis of the XGBoost model in red and blue.






Figure 10 | Data from a female patient, 46 years old. (A). Right breast probing and hypoechoic lesions, not parallel to the skin, irregular in shape, burr-like edges, and disordered echoes of surrounding structures; (B). Right axillary probing and echoes of suspicious lymph nodes. Pathological findings: invasive ductal carcinoma, metastases in sentinel lymph nodes; (C). The waterfall chart of the XGBoost model predicted the process of SLN metastasis in this case. For this patient, the predicted outcome was 77.2% (baseline: 44.5%), and high-risk factors for being diagnosed with SLN metastasis included suspicious lymph nodes, spiculated lesion margins, and architectural distortion.






Figure 11 | Data from a female patient, 62 years old. (A). Right breast probing and mixed echogenic lesions, not parallel to the skin, irregular in shape, lobulated at the edge, and echogenic in the rear; (B). No suspicious lymph node echo was detected in the right axilla. Pathological findings: invasive ductal carcinoma, no metastases in sentinel lymph nodes; (C). The waterfall chart of the XGBoost model predicting the process of SLN metastasis in this case. For this patient, the predicted outcome was 19.2% (the baseline was 44.5%), and the favorable factors mainly included the margin of the lesion being lobulated, no suspicious lymph nodes being found, no obvious distortion of the tissue structure around the lesion, and no calcification in the lesion.





Comparison of diagnostic performance of XGBoost model with radiologists

Radiologist A considered suspicious lymph nodes detected by ultrasound as the presence of SLN metastasis based on the lymph node ultrasound appearance and clinical experience, and we compared the diagnostic performance of the radiologists and the XGBoost model in the validation cohort. It was found that the AUC of the XGBoost model was 0.916, while the AUC of the radiologist was 0.758 (Figure 12). The difference was significant as determined by the DeLong method (P<0.001).




Figure 12 | Receiver operating characteristic (ROC) curves of XGBoost models and radiologists. The areas under the curve (AUCs) of the two methods (0.916 vs. 0.758) were significantly different as determined by the DeLong method (P<0.001).






Discussion

This study retrospectively analyzed the ultrasound signs and pathological findings of a total of 952 breast cancer lesions in primary and validation cohorts. Using these data to screen ten common ML algorithms, it was found that the comprehensive diagnostic performance of the XGBoost model was the best and was higher than that of experienced radiologists (P<0.001). Suspicious lymph nodes, microcalcifications, spiculation signs at the edge of the lesion, and structural distortion around the lesion had a greater impact on the diagnostic performance of the XGBoost model and are the key ultrasound signs for predicting SLN status. We further used SHAP to reasonably explain the prediction results of the XGBoost model, which provides a reliable auxiliary tool for clinical decision-making.

Previous studies have mostly used logistic regression to construct nomogram clinical prediction models by extracting ultrasound image features (17). Logistic models have good interpretability, and their model coefficients represent the importance of features to prediction results. A study (18) compared the predictive ability of classification trees, random forests, artificial neural networks, and support vector machines in the ML algorithm with logistic regression and found that the predictive ability of logistic regression was equally excellent. However, this may not be statistically significant due to some factors that have a causal relationship to the output variable (19). Excluding variables based solely on statistical assumptions reduces available information and may miss features that improve predictive power. In addition, the logistic regression model has low accuracy and is limited in practical clinical application (20). This study found that the Average-AUC (0.952), Average-Kappa (0.763) and Average-Accuracy (0.891) of the XGBoost model in the 10-fold cross-validation were higher than those of Logistic regression. The XGBoost model in the validation cohort also performed well, with AUC of 0.916, accuracy of 0.846, sensitivity of 0.870, specificity of 0.862, and F1-score of 0.826. We also compared eight other ML algorithms (SVM, RF, LDA, NB, KNN, MLP, LSTM and CNN). The comprehensive diagnostic performance of the XGBoost model was still the best. Therefore, we chose to use the XGBoost algorithm to build a clinical prediction model to achieve the best diagnostic level. Next, we utilized SHAP to solve the interpretability problem of the XGBoost model. Compared with traditional ML model interpretation methods, SHAP not only considers the influence of a single variable but also considers the synergy between different variables and distinguishes the positive or negative influence of variables by color (21).

In this study, SHAP was used to find that suspicious lymph nodes detected by ultrasound had a great impact on the diagnostic performance of the XGBoost model. In addition, ultrasonographic signs such as microcalcification in the lesion, burr-like edges of the lesion, and disordered and distorted tissue structure around the lesion had a significant positive effect on the diagnosis of SLN metastasis by the XGBoost model. This may be because tumor cells infiltrate the surrounding tissues, invading the Cooper’s ligament and the lymph nodes through the lymphatic vessels (22). In this study, suspicious lymph nodes were assigned the largest contribution value in the SHAP map, which is consistent with previous studies (23) in which the detection of suspicious lymph nodes by ultrasound improved the diagnostic specificity of breast cancer SLN metastases. At the same time, Drukker et al. (24, 25) also confirmed that the analysis of ultrasound images of axillary lymph nodes can effectively predict breast cancer metastasis, but the AUCs were 0.85 and 0.86, which were lower than our study (AUC=0.916). It should be considered, however, that this may be because we also included the ultrasound signs of the primary lesions of breast cancer patients to train the ML model, which further increased the diagnostic performance of the model. Li et al. (26) found that breast cancer with calcification had a higher rate of lymph node metastasis. Luo et al. (27, 28) found that the tumor pathological type, tumor burr sign, and calcification characteristics were related to axillary lymph node metastasis. These studies are consistent with the findings of the present study. The tumor edge spiculation sign is often the manifestation of the infiltration and growth of the lesion to the surrounding tissue, suggesting that the tumor is malignant, and its OR value is 14.68-10.45 (29). Compared with coarse calcification, micro calcification is usually one of the indicators of rapid proliferation of cancer cells, and it is also a manifestation of high tumor malignancy (30), which increases the risk of SLN metastasis in breast cancer. In this study, the SHAP map also found that the contribution of architectural distortion to predicting SLN metastasis was second only to suspicious lymph nodes. Architectural distortion usually includes twisting of the ducts around the mass, shortening and straightening of Cooper’s ligament, and the mass breaching the anatomical plane to invade adipose tissue (31). Paulinelli et al. (32) found that Cooper’s ligament thickening is a characteristic of malignant tumors, and its odds ratio value was 15.61. The studies of Woo (33) and Lee (34) also confirmed that the combination of ultrasound images of primary tumor and peritumoral tissue can more effectively predict the status of axillary lymph nodes. We believe that training the XGBoost model with the best diagnostic performance by synthesizing the ultrasound signs of breast cancer lesions, peritumoral tissues, and suspicious lymph nodes is the key to improving the accuracy of SLN metastasis prediction. At the same time, SHAP provides a personalized and reasonable explanation for prediction, breaking the “black-box” problem that has been hindering the development of complex models and significantly improving the application value of clinical models and the confidence of clinicians in the prediction model.

This study also has certain limitations. First, it was a single-center retrospective study, with limited sample size and regionality. Some cases were eliminated due to the quality of lesion images, thus reducing the sample size. Second, the pathological types of breast cancer included in the samples are not comprehensive, which may affect the results of the study. Third, a more detailed classification of the ultrasound signs of the lesion is also required. In the future, this study also needs to incorporate the relevant features of radiomics, and further analyze and study other ML algorithms involved in medicine.

In conclusion, this study more comprehensively incorporates the ultrasound signs of the primary breast cancer and its surrounding soft tissues and lymph nodes, and establishes an XGBoost model to predict the metastasis of SLN and used SHAP to solve the “black-box” problem that hinders the clinical application of ML algorithms. It provides clinicians with a non-invasive, efficient, and convenient method, assists clinicians to understand the state of SLN before surgery, and guides the selection and treatment of surgical methods.
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Purpose

In clinical work, accurately measuring the volume and the size of breast cancer is significant to develop a treatment plan. However, it is time-consuming, and inter- and intra-observer variations among radiologists exist. The purpose of this study was to assess the performance of a Res-UNet convolutional neural network based on automatic segmentation for size and volumetric measurement of mass enhancement breast cancer on magnetic resonance imaging (MRI).



Materials and methods

A total of 1,000 female breast cancer patients who underwent preoperative 1.5-T dynamic contrast-enhanced MRI prior to treatment were selected from January 2015 to October 2021 and randomly divided into a training cohort (n = 800) and a testing cohort (n = 200). Compared with the masks named ground truth delineated manually by radiologists, the model performance on segmentation was evaluated with dice similarity coefficient (DSC) and intraclass correlation coefficient (ICC). The performance of tumor (T) stage classification was evaluated with accuracy, sensitivity, and specificity.



Results

In the test cohort, the DSC of automatic segmentation reached 0.89. Excellent concordance (ICC > 0.95) of the maximal and minimal diameter and good concordance (ICC > 0.80) of volumetric measurement were shown between the model and the radiologists. The trained model took approximately 10–15 s to provide automatic segmentation and classified the T stage with an overall accuracy of 0.93, sensitivity of 0.94, 0.94, and 0.75, and specificity of 0.95, 0.92, and 0.99, respectively, in T1, T2, and T3.



Conclusions

Our model demonstrated good performance and reliability for automatic segmentation for size and volumetric measurement of breast cancer, which can be time-saving and effective in clinical decision-making.





Keywords: deep learning, breast cancer, magnetic resonance imaging, volumetric measurement, automatic segmentation



Introduction

Breast cancer is one of the most common malignancies afflicting women worldwide (1). Tumor size has been thought as an indispensable prognostic factor. An accurate preoperative measurement of breast cancer size is essential for surgical resection and the formulation of a chemotherapy regimen (2–4). Furthermore, monitoring the change of tumor volume during treatment is an important reference for response evaluation criteria in solid tumors (5). Thus, it is crucial to measure size and volume accurately in the clinical course.

Medical imaging, which is superior in measuring tumor size and volume, might be used to obtain anatomic information accurately and non-invasively (6–10). Among the imaging methods, magnetic resonance imaging (MRI) is a better diagnostic technique with the highest resolution and quantitative information for preoperative prediction and prognosis evaluation (11–14). However, it takes considerable time and a great deal of expertise to process images by trained radiologists. In addition, due to differences in diagnostic skills, there are inter- and intra-observer variations among radiologists and problems with decision fatigue (15, 16).

Artificial intelligence (AI) aiding medical imaging technologies exceeded the detection capabilities of radiologists in some applications, complemented clinical decision-making, and streamlined preoperative image evaluation. Automated processing by AI computational tools is a more efficient detection approach to measure the volume and the size of a tumor within a reasonable amount of time. It has great reference significance for guiding the clinical development of follow-up treatment plans and avoiding inaccurate measurement incurred by some inexperienced radiologists (17). In addition, some studies indicated that the presence of tumor necrosis correlated with tumor grade, aggressiveness, unfavorable long-term outcomes, and improved response to neoadjuvant chemotherapy (18–20). Measuring the necrosis and the cystic components manually is labor-consuming, but using AI technology improves the efficiency and provides more intuitive parameters for radiologists.

Segmentation plays a significant role in image analysis, including detection, feature extraction, classification, and treatment (21, 22). Automatic and semiautomatic segmentation can alleviate the labor-intensive problems and eliminate the high variability between intra- and inter-observers (23). Moreover, deep learning, as a subset of AI, is a promising method to make a tremendous progress in automatic segmentation by which more reproducible and effective texture features in different fields of image analysis are extracted (24–26). The convolutional neural network (CNN) is a sophisticated deep learning architecture, and it has been successfully applied in various areas of knowledge for digital image segmentation. The U-Net network is a fully CNN with high-performance in graphics processing unit (GPU) computing, requiring fewer training sets, and has higher segmentation accuracy compared with other CNNs (27). Among the U-Net network, Res-UNet is a semantic segmentation model which integrates residual module and U-Net network capable of effectively overcoming excessive parameters and gradient dispersion caused by the deepened network layer (28).

In this study, we developed a deep learning automatic segmentation model based on Res-UNet of preoperative MRI for breast cancer patients and assessed its reliability for size and volumetric measurement. To our knowledge, no reported research has applied deep learning to automatically segment breast cancer and quantify the volume as well as the size on MRI.



Materials and methods

The institutional review board approved this retrospective study and waived the need for written informed consent.


Study design

The workflow of the process is illustrated in Figure 1, including the following three steps: (1) acquisition of MRI, data annotation, automatic segmentation, image pre-processing, augmentation, and post-processing, (2) designing and building the algorithm, and (3) training and inference.




Figure 1 | Workflow diagram.





Patient selection and data annotation

All selected female patients were diagnosed with breast cancer who underwent preoperative breast MRI prior to treatment from January 2015 to October 2021. The inclusion criteria were as follows: (1) diagnosed with breast carcinoma pathologically, (2) underwent MRI prior to treatment, (3) with complete clinical and pathological data, and (4) whose digital imaging and communications in medicine pixel data had no corruption and which were scanned under the same MR protocol. The exclusion criteria were as follows: (1) received any therapy before MRI and (2) non-mass enhancement breast cancer or normal in MRI.

According to the Cancer Staging Manual of the American Joint Committee on Cancer, the system clarified that the tumor (T) stage is based on the size of the invasive components of the longest tumor dimension (in the setting of multiple masses). Our study classified the tumor into three T categories: the size of T1 is not greater than or equal to 20 mm, the size of T2 is larger than 20 mm and not greater than 50 mm, and the size of T3 is equal or greater than 50 mm. A total of 1,000 patients were randomly divided into group 1 (n = 230), group 2 (n = 720), and group 3 (n = 50). The following ratios were used: 80% training cohort and 20% testing cohort to balance the test samples. Thus, we selected 45, 143, and 12 cases relatively for three T categories as testing cohort. In addition, 31 cases with cystic or necrotic changes were enrolled in our study.



MRI acquisition

All patients were scanned using a 1.5-T system (Magnetom Espree Pink; Siemens, Erlangen, Germany), which is equipped with an eight-channel phased-array surface coil for the breast. The patients were examined in the prone position with both breasts positioned in the coil cavity. Axial T1WI [repetition time/echo time (TR/TE), 8.7/4.7 ms; slice thickness, 1.1 mm]. Dynamic contrast-enhanced MRI (DCE-MRI) used a fast, small-angle excitation, three-dimensional imaging (3D-FLASH) sequence and fat-saturated axial T1WI: TR/TE, 4.53/1.66 ms; slice thickness, 1.1 mm. Before the contrast agent was injected, it needed to be scanned one time. After that, the contrast agent, gadopentetate dimeglumine, was injected with a high-pressure syringe at a speed of 2.0 ml/s, and then 30 ml normal saline was injected at the same speed to flush the catheter. Images of each phase were subtracted automatically at the same time.



Delineation of ROIs by iterative workflow

A radiologist used the ITK-SNAP software (www.itksnap.org) to review the first DCE-MRI subtraction images, this being the most critical and the clearest phase of breast cancer evaluation for further analysis. An iterative-label workflow was used to delineate the regions of interest (ROIs) in the early stage to get the ideal labels. It included an initial network model which was trained on our in-house dataset from 100 patients’ ROIs and the pre-trained model which was applied to the remaining patients’ ROIs and achieved coarse labels. After that, two radiologists checked and refined the manual revision. The iterative workflow is shown in Figure 2.




Figure 2 | Iterative labeling workflow.





Image processing

We designed a fully automatic CNN-based segmentation network and built an end-to-end workflow based on Medical Open Network for AI1 platform, including pre-processing, data loader, augmentation, network building, post-processing, and quantification.



Pre-processing

Three steps including intensity normalization, respacing, and crop patches were performed before the training model. Z-score normalization was suitable for variable intensity ranges. We calculated the intensity ranges, clamped the voxels from 0.5 to 99.5%, calculated the mean and standard deviation (SD) of each case, and used the equation to normalize the images. It is defined as shown in Equation (1):

 

To automatically adapt to any new dataset, we calculated the mean spacing of all training cohorts to define the standard target. Any data needed to be resized to the target before training and inference. Most cases had the dimension of the width and the height as 384 and the depth from 128 to 320. Due to the limitation of the GPU memory size, it was challenging to send the whole image to the network. In this situation, we first calculated the average area of the lesions and set a minimum cropping patch size which can include the central regions. The cropping patch size must also be a multiple of 2 to be suitable for most regular models. According to the statistics, a patch with a 96*96*96 size was the best choice for our algorithm.

To ensure the balance of positive and negative samples for network training, we randomly selected the cropping patches with the center point at the foreground or background area with half-to-half probability. According to our experiments, crop patches with the likelihood of 2:1 between positive and negative areas can also get a similar performance.



Augmentation

Our algorithm implemented data augmentation to make the model more robust during training steps: random zoom, random scale intensity value, random shift intensity range, random Gaussian noise, random crop fore/background, random rotation with 90°, and random elastic transformation (Figure 3).




Figure 3 | Workflow of data augmentation.





Res-UNet network building

U-Net is an overall architecture for 2D and 3D images in medical image processing. Our study designed a robust U-Net-based network called Res-UNet with the residual blocks in the encoder part. Figure 4 shows the architecture of our designed model. In the encoder part, we used residual blocks to extract features. Skip connection was a classical operation from U-Net and might focus on the extracted features from different layer levels. It was well suited for medical images since lesion targets from different scale levels included different features. Figure 5 illustrates the residual blocks. The solid line carrying the layer input to the addition operator was a residual connection. The residual connection might effectively avoid gradient disappearance, especially in deeper layers. We combined the residual connection blocks with the U-Net skip connection to design an efficient network, which might help us obtain the accurate prediction results of lesion segmentation.




Figure 4 | Res-UNet architecture.






Figure 5 | Residual blocks.





Optimizer and loss function

In our algorithm, we used Adam optimizer, dice similarity coefficient (DSC), and cross-entropy loss. The equations are shown in Equations (2)–(4):

 

 

 



Post-processing

Usually, the tumor is an agglomerate region. We removed the outliers with less than 30 voxels in a connected region to avoid the noise of predicted results for the accuracy. Testing time augmentation is an effective way to improve accuracy in the inference step. We only applied rotation with 90°, 180°, and 270° to repeat the inference in one case to save time. It might improve the DSC of the testing cohort with 1 to 2%. We also tried a multi-model ensemble and trained the same Res-UNet network with different epochs. The ensemble also improved the accuracy by around 1%.



Measurement of pixel level

DSC and intersection over union (IOU) are commonly used metrics in segmentation algorithms. We use these two coefficients to evaluate our segmentation performance. These coefficients are spatial overlap indexes utilizing segmentation in MRI as reproducibility validation metrics. The definition of DSC and IOU are shown as Equation (5) and Equation (6). Figures 6, 7 show the DSC and IOU performance of our segmentation.




Figure 6 | Dice similarity coefficient and intersection over union performance.






Figure 7 | Dice similarity coefficient and intersection over union performance.



 

 

Figure 8 shows the ground truth and our predicted results. The comparison indicated that case 01 to case 05 get the accurate results with DSC of around 0.9 and IOU of around 0.85. In case 06, a small lesion region was not segmented by the model; thus, the DSC and IOU are 0.0. We thought that the lesion was too small and quite similar to fat. This will be solved with the more various training cohorts.




Figure 8 | Six cases showing comparisons between the ground truth and our predicted results.





Measurement of size and volume

We used quantification indexes to calculate shape-based features such as “maximum 3D diameter, 3D mesh volume, minimal diameter, maximal diameter, volume”. The method firstly extracted the largest tumor area, found the maximum connected components, cropped a 3D region with its solid components fitting as an ellipsoid, and then calculated the factors which might influence shape information. These were all based on the pyradiomics library (Figure 9). We also used the Otsu’s method, which is a classical intensity-based method, to divide the cystic degeneration or necrosis region manifested as hypointense in the central or paracentral area on DCE-MRI (Figure 10). It iteratively searched for the threshold that minimizes the within-class variance from the histogram. Figure 11 shows the histogram of the tumor areas calculated by Otsu’s method. Moreover, the maximum value is the threshold to find the interclass variance. After that, we used the threshold as pixel intensity value to segment cystic or necrotic change areas. So far, the central part of the cystic or necrotic areas could be extracted. The outliers, a number of voxels less than 30, were removed in each connected component area.




Figure 9 | Workflow of measurement.






Figure 10 | Regions of interest of the areas with cystic or necrotic changes. The green part shows the classification from the Otsu’s method.






Figure 11 | Histogram of the lesion areas.





Statistical analysis

The automatic segmentation performance was evaluated with DSC. The method performance of classifying the size according to T stage was assessed with accuracy, sensitivity, and specificity. Intraclass correlation coefficient (ICC) was adopted to measure the agreement between the size and the volumetric parameters of the predicted results and the GT results. All statistical analyses were conducted using Python version 3.8 (www.python.org) and SPSS 25.0 software package.




Results

Our improved Res-UNet got the best DSC of 0.89 among different networks. The DSCs of different networks are shown in Table 1. The details of DSC and IOU are presented in Table 2. The final metrics of the predicted outcomes in the standard-alone test cohort were accuracy = 0.93, sensitivity (T1, T2, and T3 = 0.94, 0.94, and 0.75, respectively), and specificity (T1, T2, and T3 = 0.95, 0.92, and 0.99, respectively. The detailed metrics are shown in Tables 3–5, while Figures 12–14 show the details of maximal diameter, minimal diameter, and volume. Table 6 shows the metrics of cystic or necrotic components including volume and mean intensity. A high concordance of size and volumetric parameters was shown between the deep learning segmentation-based prediction results and the GT segmentation results. For the minimal and maximal diameters, the ICC was greater than 0.95, and for volumetric measurement of mass enhancement breast cancer, the ICC was greater than 0.80 (Table 7). The trained model took approximately 10–15 s to provide automatic segmentation and volume analysis for each patient, while the average manual segmentation time was at least 15 min.


Table 1 | Different networks’ dice similarity coefficient (DSC).




Table 2 | Details of dice similarity coefficient (DSC) and intersection over union (IOU).




Table 3 | Summary of geometric parameters between the prediction results and GT results.




Table 4 | Final predicted metrics of the classification.




Table 5 | Final predicted results of the classification.






Figure 12 | Final metrics of the predicted results.






Figure 13 | Final metrics of the predicted results.






Figure 14 | Final metrics of the predicted results.




Table 6 | Comparison of the volume and mean intensity between cystic or necrotic components and lesions.




Table 7 | Agreement of size and volumetric parameters between deep learning segmentation-based prediction results and GT segmentation results.





Discussion

Our study established a deep learning model based on the Res-UNet network architecture with DSC of 0.89 for the automatic segmentation to improve recognition efficiency and productivity with the speed of 10–15 s for one patient, eliminate inter- and intra-observer variations among breast radiologists as much as possible, and reduce information overload. Our model achieved a good performance with an overall accuracy of 0.93, sensitivity of 0.94, 0.94, and 0.75, and specificity of 0.95, 0.92, and 0.99, respectively, for three T categories in classifying the size of mass enhancement breast cancer. In addition, the model corresponded well with the GT results derived manually by radiologists in terms of size and volumetric parameters. These results implied that our framework might automate certain procedures of the preoperative evaluation for breast cancer. Although the classification capability of our model is powerful and significant, future advances which will be considered through external validation in other institutions or with larger data sets will make it more persuasive for clinical application.

Preoperative breast MRI, for its highest resolution and abundant information, becomes the most promising imaging modality for different AI applications, mainly for lesion detection and classification (12, 29). Automatically detecting and classifying (limited to benign versus malignant) breast lesions on MRI are relatively well-established techniques (30–33). Nevertheless, measuring the volume and the size of mass enhancement breast cancer accurately has important guidance for follow-up therapeutic decisions. In previous studies, some researchers have compared the accuracy of computer-aided detection (CAD) systems and radiologists in measuring the tumor size. The results are mostly reported such that the manual measurement of MRI is better than MRI with CAD (3, 16). However, CAD systems have limited capabilities; they also enable radiologists to process large images efficiently. Therefore, using large sample image data and more intelligent deep learning models based on neural network structures to measure the maximum diameter and solid component volume of tumors can undoubtedly improve the efficiency.

We reported an excellent performance of the model in segmentation, which is in accordance with the previous studies on breast cancer segmentation (34–37). This observation can not only provide precise segmentation and quantitative assessments of breast cancer but also assist in image analysis including detection, feature extraction, classification, and treatment. In most previous studies, tumors were segmented manually, which are prone to inter- and intra-observer variabilities (34, 38, 39). Furthermore, for the 3D medical imaging process, it is difficult and time-consuming for radiologists to measure lesions manually. Automatic segmentation and semi-automatic segmentation will reduce the time as well as improve the reliability. We used automatic segmentation which produced results consistently and reproducibly. What is more, automatically extracting an entire 3D lesion with an irregular shape only takes a few minutes, and the region in the 3D dimension by manual drawing may be discontinuous or not smooth and time-consuming.

Although several prior studies used deep learning to segment breast cancer, they did not measure the volume and the size. To the best of our knowledge, this is the first deep learning study to automatically segment mass enhancement breast cancer and measure the volume and the size on MRI. Our model also analyzed the areas with cystic or necrotic changes. Tumor necrosis has been proposed as a negative prognostic factor in some studies and could be evaluated on MRI comprehensively (40, 41). Differing from prior studies of necrosis as a predictive reference in TNBC, our study aims to automatically delineate and measure the volume of cystic and necrosis areas through our algorithm so that radiologists can intuitively find the changes in tumor components, and this would help them predict the patients’ prognosis (19, 42).

Our study had several limitations. Firstly, although this is a unicentric study with a relatively large sample size, external validation datasets from multiple centers should be set up to test the rationality of the model. Secondly, we did not simultaneously count multifocal or multicentric cancers. Non-mass enhancement breast cancer should also be tried to be divided into regions. Further research is possible in the future to expand the application scope of this model for improvement. Thirdly, from the perspective of methods, the performance of our model can still be improved. Some cases still contain false-positive regions similar to lesions with hyperintensity. We think that a false-positive-remove algorithm may suppress these error regions.



Conclusions

Utilizing a deep learning-based algorithm based on automatic segmentation to measure the volume and the size of mass enhancement breast cancer on MRI is feasible with high accuracy and reliability, thereby reducing the effort and variabilities. Further development will be added in our study for such to be implemented into future clinical practice efficiently.
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Background

Researchers have demonstrated that the combined use of taxanes and chemotherapy drugs, especially paclitaxel-based treatment, appeared to clinically benefit on advanced triple negative breast cancer (TNBC). This meta-analysis aims to obtain the existent evidence on efficacy and safety for taxanes-based combination therapy to treat advanced TNBC.



Methods

From 1991 to June 2022, seven databases (PubMed, Web of Science, Cochrane Library, Embase VIP, Wanfang, and CNKI databases) were comprehensively searched with no restricted language and region. The included randomized controlled trials (RCTs) compared taxanes-based combination therapy versus taxanes or other chemotherapy drugs. Statistical analysis was conducted using random-effect model, and the quality of RCTs was assessed using the tool of Cochrane Collaboration risk of bias.



Results

Twenty-six RCTs with a total of 8,236 advanced TNBC patients were included. Compared with taxanes monotherapy, taxanes-based combination therapy significantly prolonged progression-free survival (HR=0.79, 95%CI=0.74–0.83, I2= 0.0%, p=0.000) and overall survival (HR=0.88, 95%CI=0.82–0.94, I2= 9.3%, p=0.000) and increased the risk of vomiting (RR=1.26, 95%CI=1.07–1.48) and diarrhea (RR=1.82, 95%CI=1.22–2.70, I2= 90.3%, p=0.003). No statistical differences were observed in complete response rate (CRR), objective response rate (ORR), disease control rate (DCR), and progressive disease (PD) indexes (CRR: RR=1.38, 95%CI=0.96–1.99; ORR: RR=1.20, 95%CI=0.73–1.98; DCR: RR=1.09, 95%CI=1.00–1.19; PD: RR=0.70, 95%CI=0.47–1.04). Compared with other chemotherapy drugs, taxanes plus other chemotherapy drugs significantly reduced the incidence of vomiting (RR=0.60, 95%CI=0.44–0.84, I2= 12.3%, p=0.002) and neutropenia (RR=0.58, 95%CI=0.35–0.96, I2= 73.0%, p=0.036) during the treatment period.



Conclusions

Taxanes-based combination therapy is evidently effective and well-tolerated in advanced TNBC, indicating that it might be a recommended option for treating advanced TNBC patients to some extent.



Systematic Review Registration

https://www.crd.york.ac.uk/PROSPERO/, identifier CRD42022337802.
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Introduction

Female breast cancer, with an assessed 2.3 million new cases and 0.68 million mortalities, has become the most common malignant tumor of global cancers in 2020 (1). Triple negative breast cancer (TNBC), regarded as a heterogeneous and aggressive breast cancer subtype and characterized by impaired expression of estrogen receptors, progesterone receptors, and human epidermal growth factor receptor 2, represents 10%–25% of breast cancers types and thus is strongly associated with poorer prognosis (2, 3). Furthermore, advanced TNBC usually leads to higher incidence of distant metastases such as bone, visceral, and central nervous system metastases within 5 years of diagnosis and causes high mortality afflicting on patients (4, 5). To date, there is no standard treatments for advanced TNBC, while chemotherapy was a recommended choice of treating TNBC (6–8).

Taxanes (i.e., nab-paclitaxel, paclitaxel, and docetaxel), are diterpenoid alkaloid compound with prominent antineoplastic activities. As the first-line chemotherapy drugs, taxanes were widely used in the treatment of advanced lung cancer, endometrial cancer, breast cancer, and ovarian cancer (9). US FDA approved taxanes for treating advanced or metastatic breast cancer in 2005 (10). Recently, the combination use of taxanes and other chemotherapy drugs, especially paclitaxel-based treatment, appears to be significantly beneficial on advanced TNBC patients (11, 12). A randomized clinical trial (RCT) reported that paclitaxel plus capivasertib therapy showed an improvement in progression-free survival and overall survival compared to paclitaxel monotherapy (13). Another RCT found that there were longer progression-free survival (PFS) and higher objective response rate (ORR) in advanced TNBC patients treated with nab–paclitaxel–carboplatin than gemcitabine–carboplatin (14). Paclitaxel combined with either bevacizumab or capecitabine also was set as therapy regimens for advanced TNBC, and the latter appeared to have better superiority in terms of progressive disease (15). Additionally, paclitaxel plus gemcitabine appeared less toxic than cisplatin plus gemcitabine totally when treating advanced TNBC (16). Thus, taxanes combined with other chemotherapy drugs were considered as the potential effective treatment choice based on the results of these studies.

However, to date, there is no clear evidence that taxanes plus other chemotherapy drugs benefits the advanced TNBC patients due to the limitation of small sample size included in these studies. Therefore, we summarize the date and relevant data for a comprehensive meta-analysis of all RCTs aiming to better elucidate the efficacy and safety of taxanes combined with chemotherapy drugs in advanced TNBC.



Materials and methods

This meta-analysis was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-analyses (17, 18) and registered at the International Prospective Register of Systematic Reviews (PROSPERO, CRD42022337802).


Data sources and search strategy

Of no language or region restrictions, we searched PubMed, Cochrane Library, Web of Science, and Embase databases and three databases of China (CNKI, Wanfang, and VIP) from inception to February 20, 2022 systematically to recognize the full-text articles related to RCTs. We performed the following methodology to search the databases: using MeSH terms of “triple negative breast cancer” AND (“paclitaxel” OR “docetaxel”) AND (“metastasis” OR “advanced”) and free terms of them plus randomized controlled trials. A more detailed search strategy is available at Supplementary Table S1. Assessment to the eligible articles was performed by two reviewers (QH and XH) independently after reading the titles and abstracts of all articles.



Inclusion and exclusion criteria

The identification for eligible literatures was carried out by using EndNote X9 software. Selection and assessment to the studies through different databases were conducted by two reviewers (QH and XH) independently according to PICOS criteria. The studies were included if they met the following criteria (18):

Participant: patients with age of more than 18 years and histologically confirmed advanced or metastatic TNBC (Eastern Cooperative Oncology Group performance status of 0–2).

Intervention: taxanes combined with other chemotherapy drugs (i.e., platinum, tabines, bevacizumab, and atezolizumab).

Comparator: taxanes or other chemotherapy drugs.

Outcomes: PFS, overall survival (OS), complete response rate (CRR), ORR, disease control rate (DCR), progressive disease (PD), and adverse events provided any analyzable data.

Study design: RCTs with either double-blind or multicenter design.

Exclusion criteria were the following: only abstract (19, 20), review (21), experimental research (22), case reports (23), non-RCTs (24), non-advanced TNBC (25), phase I trials (26), trials with improper control drugs (27), and no available data or duplicates (28, 29).



Data extraction and quality assessment

Two reviewers (QH and XH) independently extracted data from eligible essays in terms of the following information according to the Cochrane Handbook guidelines: first author, study design, number of participants, median age, inclusion criteria, treatment duration, primary outcomes, and secondary outcomes. The participation of a third reviewer became a necessity when discrepancies occurred during the extraction of the data and information until consensus was realized.

The efficacy and safety of taxanes combination chemotherapy on advanced TNBC were appraised by PFS, OS, CRR, ORR, DCR, and PD, and the adverse events of taxanes combination chemotherapy were evaluated according to Response Evaluation Criteria in Solid Tumors (RECIST)1.1 and WHO grading criteria (30, 31). To fulfill credible conclusions for the reviewers, the Cochrane Collaboration risk of bias tool was used to analyze the data of random sequence generation, allocated concealment, detailed information of participants blinding, completion of outcome reporting, and selective publication for assessment to methodological quality of RCTs. Grading of Recommendations, Assessment, Development and Evaluations system (GRADE) was used to assess the quality of evidence for each outcomes (32).



Definition of outcomes

PFS, OS, ORR, and total adverse events were selected as primary outcomes in this meta-analysis. Based on WHO general objective efficacy indicators of solid tumors or RECIST1.0 criteria (33), CRR, DCR, and PD were selected as secondary outcomes. PFS, the most common primary endpoint in cancer trials, is defined as the time from the date of initial treatment to the date of the first objective documentation of disease progression or the date of the last follow-up for patients who are still alive without disease progression or death without disease progression (34). OS, considered as the best therapeutic endpoint in tumor clinical trials, is interpreted as the time between randomization and death from any cause in a clinical trial (35). CRR is defined as the proportion of patients who achieved best overall response of confirmed complete responses (31). ORR is defined as the proportion of patients who achieved best overall response of confirmed complete responses and partial responses (31, 36). DCR, including cases of complete responses partial responses and stable disease, is the ratio of patients whose tumors shrink or remain stable for a certain period of time (31). PD means the sum diameter of lesions of patients increasing the sum of the largest diameter of lesions to at least 20% or greater or the emergence of a new lesion, which is often used to evaluate the aggravation of anti-tumor therapy in clinical trials (37). Adverse events from intervention and comparator drugs assessed in this article include total adverse events, anemia, vomiting, diarrhea, neutropenia, alopecia, and fatigue.



Statistical synthesis and analysis

Statistical analysis was executed using Stata software (Version 12.0.) and random-effect model along with 95% confidence intervals (CIs) were used to analyze all quantitative data. For dichotomous variables, hazard ratio (HR) was used to appraise the indexes of PFS and OS. For effect variables, risk ratio (RR) was used to evaluate the indexes of ORR, DCR, PD, and adverse events. Data of each index were analyzed and presented by Forest plots; p<0.05 was considered as statistical significance. To explore potential resources, the clinical benefit indexes including PFS, OS, CRR, ORR, DCR, PD, and adverse events were highlighted by the conduction of subgroup analyses. Subgroup analysis was planned according to the types of control groups including other chemotherapy drugs or taxanes.

The between-study heterogeneity was assessed using Cochrane’s Q and I2 statistic as follows: 0%–40%, might not be important; 30%–60%, might represent moderate heterogeneity; 50%–90%, might represent substantial heterogeneity; and 75%–100%, considerable heterogeneity (38, 39). Publication bias was investigated visually according to the results of funnel plots and Egger’s test. When outcomes met more than 10 RCTs, the standard error of log (HR) and HR or log (RR) and RR were used to generate funnel plots. It is classified as publication bias if the results of Egger’s test are p< 0.05 and funnel plots are asymmetric.




Results


Search and selection of studies

A flow diagram (Figure 1) presented the procedure on how we identified the articles in this meta-analysis. First, we collected 5,559 records by searching seven databases (PubMed, Web of Science, Cochrane Library, Embase VIP, Wanfang, and CNKI databases). Next, 5,370 records were excluded for some reasons (i.e., duplicates, non-breast cancer articles, only abstract, reviews, experimental research, case reports, non-RCTs, non-advanced TNBC, and phase I trials), and 189 full-text articles were considered as prospective eligibility. After further identification, 163 studies were excluded due to erroneous control agents and no available data or duplicates. Finally, 26 full-text RCTs were included in this meta-analysis (13–16, 40–61).




Figure 1 | The PRISMA flowchart summarizing the process to identify randomized controlled trials for inclusion.





Study characteristics

The fundamental characteristics of the 26 final included articles published in Chinese and English journals from 2011 to 2021 are summarized in Supplementary Table S2. These phase II or phase III trials involved 8,236 patients and were conducted in America, Europe, Asia, and Oceania. All patients histologically confirmed unresectable advanced or metastatic TNBC, ranging from 40.1 to 59.0 years of age.

Among these 26 RCTs, 12 were designed as double-blind or placebo-controlled (13, 42–44, 46, 50, 51, 53, 55–57, 60), 5 were designed as open-label or multicenter (14, 16, 40, 52, 61), and 9 were not described further in detail (15, 41, 45, 47–49, 54, 58, 59). The intervention arms in all trials were taxanes (nab-paclitaxel, 100 mg/m2; paclitaxel, 80–175 mg/m2; docetaxel, 75 mg/m2) plus other chemotherapy drugs (atezolizumab, 7 trials; carboplatin, 3 trials; bevacizumab, 3 trials; gemcitabine, 2 trials; cisplatinum, 2 trials; oxaliplatin, 2 trials; ipatasertib, 2 trials; capecitabine, 1 trial; tigatuzumab, 1 trial; capivasertib, 1 trial; reparixin, 1 trial; cobimetinib, 1 trial), while the control arms were taxanes (17 trials) or other chemotherapy drugs (9 trials). For primary outcomes, 19 trials assessed PFS and OS indexes of patients, 22 studies investigated ORR index of patients, and 12 trials observed the safety of drugs. For secondary outcomes, 6 trials reported CRR, 12 trials reported DC, and 14 trials reported PD were evaluated.



Quality assessment and risk of bias

The evaluation result of risk of bias is shown in Figures 2A, B. Of 26 eligible RCTs, 25 reported adequate random sequence generation, 9 covered allocation concealment, 12 performed double-blind way, 21 avoided incomplete outcome data, and 25 averted selective reporting bias.




Figure 2 | Risk of bias graph: reviewers’ judgments about each risk of bias item presented as percentages across all included studies (A). Risk of bias summary: reviewers’ judgments about each risk of bias item for each included study according to the Cochrane Collaboration’s “Risk of Bias” tool, the green circle with “plus” sign low risk of bias information, the yellow circle with “question mark” sign representing unclear risk of bias information, and the red circle with “minus” sign representing high risk of bias information (B).



The high-quality evidence with heterogeneity I2 was used as judgement of outcomes of clinical efficacy, including PFS, OS, and PD indexes, which ranged from 6.2% to 67.5%. CRR, ORR, and DCR indexes were judged as moderate-quality evidence with heterogeneity I2 ranging from 0% to 98.6%. Adverse effects such as diarrhea and alopecia were judged as high quality with heterogeneity I2 ranging from 6.2% to 87.8%, whereas total adverse events, vomiting, neutropenia, and fatigue were judged as moderate-quality evidence (heterogeneity I2= 14.0%–89.8%, Supplementary Table S3).



Publication bias

The publication bias of the outcomes (≥10 RCTs) was evaluated by the performance of funnel plot and Egger’s test. The funnel plots revealed almost symmetric in 11 outcomes including PFS, OS, DCR, PD, total adverse events, anemia, vomiting, diarrhea, neutropenia, alopecia, and fatigue. The results of Egger’s test showed no statistical significance in the above indexes (PFS, p=0.492; OS, p=0.608; total adverse events, p=0.554; anemia, p=0.283; vomiting, p=0.629; diarrhea, p=0.174; neutropenia, p=0.315; alopecia, p=0.217; fatigue, p=0.435), which indicates no distinct publication bias in this meta-analysis. Notably, ORR and CRR indexes appeared potential publication bias (ORR, p=0.004; CRR, p=0.030, Figures 3A–M).




Figure 3 | Funnel plots evaluating publication bias for following outcomes: PFS (A), OS (B) OS, ORR (C), CRR (D), DCR (E), PD (F), total adverse events (G), anemia (H), vomiting (I), diarrhea (J), neutropenia (K), alopecia (L), and fatigue (M).






Results of meta-analysis


Primary outcomes


Progression-free survival

Sixteen RCTs reported about PFS index of taxanes plus other chemotherapy agents vs. taxanes or other chemotherapy agents (platinum, bevacizumab, and tabines). A total of 3,711 patients were included in taxanes combination groups and 3,494 patients in control groups. The overall results showed significant differences between the intervention groups and control groups (HR=0.78, 95%CI=0.73–0.84, I2= 23.6%, p=0.000). Subgroup analysis indicated that taxanes combination therapy was superior to taxanes monotherapy in terms of PFS (HR=0.79, 95%CI=0.74–0.83, I2= 0.0%, p=0.000), while no difference was observed between taxanes plus other chemotherapy agents and other chemotherapy agents (HR=0.82, 95%CI=0.51–1.33, I2= 80.0%, p=0.421, Figure 4A).




Figure 4 | Forest plot of randomized controlled trials on taxanes combination therapy for primary outcomes: PFS (A), OS (B), and ORR (C).






Overall survival

With respect to OS, 16 RCTs included 3,758 patients who received taxanes plus other chemotherapy drugs and 3,541 patients who received taxanes or other chemotherapy drugs. The findings of the pooled data revealed that taxanes-combination therapy significantly prolonged OS of patients when comparing to taxanes monotherapy (HR=0.88, 95%CI=0.82–0.94, I2= 9.3%, p=0.000), whereas no significances were observed between taxanes combination groups and other agents combination groups (HR=0.96, 95%CI=0.73–1.26, I2= 16.8%, p=0.763, Figure 4B).


Objective response rate

In the 21 RCTs, 1,587 of 2,893 patients achieved an ORR in taxanes-based chemotherapy groups (intervention groups), and 1,284 of 2,662 patients achieved an ORR after the treatment of taxanes monotherapy or non-taxanes chemotherapy (control groups). The pooled 12 eligible studies reported taxanes alone, and the pooled nine eligible studies reported other chemotherapy drugs. Both pooled and subgroup analysis found that the intervention groups relatively have no distinct advantage to comparators (overall, RR=1.25, 95%CI=0.87–1.80, I2= 98.6%, p=0.227; taxanes plus other drugs vs. taxanes, RR=1.20, 95%CI=0.73–1.98, I2= 99.0%, p=0.474; taxanes plus other drugs vs. other drugs, RR=1.31, 95%CI=0.96–1.77, I2= 85.4%, p=0.084, Figure 4C)



Adverse events

All 26 RCTs reported the total adverse events and six mainly common adverse events (anemia, vomiting, diarrhea, neutropenia, alopecia, and fatigue) caused by different drugs, in which 1,566 of 1,673 patients in intervention groups and 1,489 of 1,620 patients in control groups suffered from adverse events.

Overall and subgroup analyses of other chemotherapy drugs in control groups confirmed no statistical differences in the incidence risk of total adverse events between intervention groups (taxanes-based combination chemotherapy) and control groups (other chemotherapy drugs) (RR=1.02, 95%CI=0.99–1.04, I2= 55.7%, p=0.196; RR=1.02, 95%CI=0.79–1.33, I2= 79.2%, p=0.877). Nonetheless, the number of patients who accepted taxanes-based combination chemotherapy was obviously more than those who accepted taxanes monotherapy (RR=1.02, 95%CI=1–1.03, I2= 0.0%, p=0.004, Figure 5A).




Figure 5 | Forest plot of randomized controlled trials on taxanes combination therapy for adverse event: total adverse events (A), anemia (B), vomiting (C), diarrhea (D), neutropenia (E), alopecia (F), and fatigue (G).



Compared with taxanes monotherapy, taxanes-based combination therapy evidently increased the occurrence of vomiting (RR=1.26, 95%CI=1.07–1.48, I2= 0.0%, p=0.005) and diarrhea (RR=1.82, 95%CI=1.22–2.70, I2= 90.3%, p=0.003), whereas no differences were seen in the rest of the four adverse events. Compared with other chemotherapy drugs, taxanes plus other chemotherapy drugs obviously reduced the occurrence of vomiting (RR=0.60, 95%CI=0.44–0.84, I2= 12.3%, p=0.002) and neutropenia (RR=0.58, 95%CI=0.35–0.96, I2= 73.0%, p=0.036), whereas no significantly differences were observed in the other five adverse events (p>0.05, Figures 5B–G).




Secondary outcomes


Complete response rate

Of 14 RCTs concerning CRR index, 6 RCTs (1,886 patients) with taxanes plus other chemotherapy drugs vs. taxanes only and 8 RCTs (969 patients) with taxanes plus other chemotherapy drugs vs. other chemotherapy drugs provided available data for CRR. In primary analysis, the taxanes-based combination treatment distinctly benefited the patients more in respect of CRR compared with the control arms (RR=1.38, 95%CI=1.10–1.72, I2= 0.0%, p=0.005). In secondary analysis, the number of patients in interventional arms who had complete response did not have any advantage over that in control arms (taxanes combination vs. taxanes, RR=1.38, 95%CI=0.96–1.99, I2= 0.0%, p=0.079; taxanes combination vs. non-taxanes drugs, RR=1.31, 95%CI=0.94–1.83, I2= 14.0%, p=0.110, Figure 6A).




Figure 6 | Forest plots of randomized controlled trials on taxanes combination therapy for secondary outcomes: CRR (A), DCR (B), and PD (C).





Disease control rate

The included 15 RCTs in this meta-analysis covered DCR. The results from intervention groups showed superiority to stopping the deterioration of advanced TNBC in patients compared to control groups (RR=1.08, 95%CI=1.01–1.05, I2= 63.8%, p=0.027). The results of subgroup analysis suggested that there was insignificant superiority for taxanes combination therapy to increase the DCR in patients compared to taxanes monotherapy (RR=1.09, 95%CI=1.00-1.19, I2= 55.1%, p=0.053) or other chemotherapy drugs (RR=1.06 95%CI=0.96–1.18, I2= 63.8%, p=0.219, Figure 6B).



Progressive disease

In 14 RCTs, 257 of 1,531 (16.8%) patients accepting taxanes plus other chemotherapy drugs (intervention) and 295 of 1,313 (19.7%) patients accepting taxanes or other chemotherapy drugs (control) have undergone PD. The overall findings revealed that a lesser incidence of PD was seen in intervention groups than that in control groups (RR=0.63, 95%CI=0.46–0.88, I2= 67.5%, p=0.007). In further subgroup analysis, the results showed that there were insignificant differences in the number of patients in terms of PD between the medication regimens of taxanes plus other chemotherapy drugs and taxanes alone (RR=0.70, 95%CI=0.47–1.04, I2= 66.3%, p=0.075), and the same results were observed in the two groups of taxanes plus other chemotherapy drugs and other chemotherapy drugs (RR=0.56, 95%CI=0.31–1.02, I2= 71.3%, p=0.059, Figure 6C).





Discussion


Findings and interpretations

In this meta-analysis, we pooled the data of 26 RCTs, enrolling a total of 8,236 patients with advanced TNBC and compared taxanes-based combination therapies vs. taxanes or other chemotherapy drugs. Taken together, our results indicated that taxanes-based combination therapies had a significant beneficial effect on prolonging PFS and OS index of advanced TNBC patients compared with taxanes monotherapy. In clinics, taxanes plus other chemotherapy drugs (i.e., platinum, tabines, bevacizumab, and atezolizumab) was broadly applied in the treatment of advanced TNBC (15, 16, 61). Our results of meta-analysis found that taxanes plus bevacizumab could evidently improve ORR index and decrease PD index in patients compared to bevacizumab plus other drugs (p<0.05), but taxanes plus tabines or platinum revealed no statistical significance in therapeutic benefits compared to tabines or platinum plus other drugs (p>0.05). Additionally, taxanes plus other chemotherapy drugs showed more safe and well-tolerated by patients with advanced TNBC relative to other chemotherapy drugs. For example, taxanes plus other chemotherapy drugs and other chemotherapy drugs led to anemia in 31.7% and 35.9% of patients (16, 48, 49), vomiting in 18.0% and 32.2% of patients (15, 16, 41, 43, 49, 59), diarrhea in 5.2% and 6.1% of patients (15, 49, 59), neutropenia in 23.9% and 41.9% of patients (14–16, 41, 48), alopecia in 21.6% and 11.8% of patients (15, 16, 49, 59), and sfatigue in 35.2% and 27.0% of patients during the treatment period, respectively (14–16, 48). Simultaneously, indirectness of evidence, study design, publication bias, inconsistency in results, or data analysis objectively resulted in the potentially degradation of outcomes from included trials.



Strengths and limitations

Strengths can be found in this meta-analysis as follows: first, to the best of our knowledge, this review is the first systematic investigation to explore the efficacy and safety of taxanes-based combination therapy for advanced or metastatic TNBC. Second, a large sample size including 8,236 patients in 26 RCTs published from 1991 to 2022 was assessed, with no restriction to language or region. Third, our meta-analysis summarized the existed recommendation to potential effect of taxanes on advanced TNBC, providing robustness for the results of studies. Fourth, subgroup analyses were made for the key outcomes basing on the combination of taxanes and other chemotherapy drugs versus taxanes alone or other chemotherapy drugs to minimize the possible selection bias and made the findings have great credibility. Fifth, our results became more reliable due to the execution of evaluating the quality of evidence for each individual outcome.

Nevertheless, several limitations in this meta-analysis should be taken into consideration. First, only 9 of 26 RCTs reported allocation concealment and 12 of 26 RCTs performed blinding to the measurement of the outcomes in our analysis, which might affect the accuracy of the results. Second, the choice to a random-effect model for all quantitative data in this meta-analysis might bring about more weight to smaller studies and wider confidence intervals, concealing potentially expanded effects of bias in these studies. Third, funnel plots and Egger’s test were not conducted to assess publication bias if the outcome was <10 RCTs included.




Conclusion

In summary, the findings of this meta-analysis demonstrated that taxanes-based combination therapy is evidently effective to treat advance TNBC than taxanes monotherapy. Moreover, taxanes-based combination had a similar efficacy and fewer adverse reactions in comparison to other chemotherapy combination. Recent studies reported that the combination therapy of taxanes and new chemotherapy drugs (tigatuzumab, atezolizumab, and bevacizumab) was widely applied in clinical practice and presented more excellent therapeutical effects. Therefore, taxanes-based combination therapy, especially taxanes plus chemotherapy drugs, might become a recommended option to treat advance TNBC.
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Purpose

To investigate the values of a 3D-printed bolus ensuring the precise postmastectomy chest wall radiation therapy for breast cancer.



Methods and materials

In the preclinical study on the anthropomorphic phantom, the 3D-printed bolus was used for dosimetry and fitness evaluation. The dosimetric parameters of planning target volume (PTV) were assessed, including Dmin, Dmax, Dmean, D95%, homogeneity index (HI), conformity index (CI), and organs at risk (OARs). The absolute percentage differences (|%diff|) between the theory and fact skin dose were also estimated, and the follow-up was conducted for potential skin side effects.



Results

In preclinical studies, a 3D-printed bolus can better ensure the radiation coverage of PTV (HI 0.05, CI 99.91%), the dose accuracy (|%diff| 0.99%), and skin fitness (mean air gap 1.01 mm). Of the 27 eligible patients, we evaluated the radiation dose parameter (median(min–max): Dmin 4967(4789–5099) cGy, Dmax 5447(5369–5589) cGy, Dmean 5236(5171–5323) cGy, D95% 5053(4936–5156) cGy, HI 0.07 (0.06–0.17), and CI 99.94% (97.41%–100%)) and assessed the dose of OARs (ipsilateral lung: Dmean 1341(1208–1385) cGy, V5 48.06%(39.75%–48.97%), V20 24.55%(21.58%–26.93%), V30 18.40%(15.96%–19.16%); heart: Dmean 339(138–640) cGy, V30 1.10%(0%–6.14%), V40 0.38%(0%–4.39%); spinal cord PRV: Dmax 639(389–898) cGy). The skin doses in vivo were Dtheory 208.85(203.16–212.53) cGy, Dfact 209.53(204.14–214.42) cGy, and |%diff| 1.77% (0.89–2.94%). Of the 360 patients enrolled in the skin side effect follow-up study (including the above 27 patients), grade 1 was the most common toxicity (321, 89.2%), some of which progressing to grade 2 or grade 3 (32, 8.9% or 7, 1.9%); the radiotherapy interruption rate was 1.1%.



Conclusion

A 3D-printed bolus can guarantee the precise radiation dose on skin surface, good fitness to skin, and controllable acute skin toxicity, which possesses a great clinical application value in postmastectomy chest call radiation therapy for breast cancer.





Keywords: 3D-printed bolus, breast cancer, PMRT, dosimetry, radiation dermatitis



Introduction

Breast cancer is the most common carcinoma that accounts for 30% of female cancers according to the latest statistics conducted by the International Agency for Research on Cancer, with approximately 2.3 million new cases in 2020 (1, 2). Comprehensive treatments including surgery, chemotherapy, radiotherapy, endocrine therapy, and biotherapy are the main therapeutic modalities for breast cancer. Previous studies have shown the mastectomy rates remaining between 30% and 40% (3). Post-mastectomy radiotherapy (PMRT) is associated with a better local control and overall survival benefit in patients with unfavorable pathologic features (4–8).

During the process of radiotherapy, the maximum radiation dose of high-energy X-ray beams can be reached only after they enter the human tissue with a certain depth, which is named built-up effect or skin sparing effect (9–12). Thus, a tissue-equivalent bolus needs to be placed on the skin’s surface, aiming to reduce the risk of local recurrence and improve the long-term survival rate in PMRT, such as wet gauze, paraffin wax, thermoplastic board, and so on (13). Although the use of a bolus was controversial due to skin toxicity, a worldwide e-mail survey showed that 82% of Americans and 65% of Australasians were likely to always use a bolus when delivering PMRT. Europeans were significantly more likely to use a bolus for specific indications (p < 0.0001) (14–21). Meanwhile, the bolus thickness and frequency of use also vary considerably between centers and are closely related to the incidence and severity of radiation dermatitis. Vu et al. found that 35% of respondents used a <10 mm bolus, most of which (89%) used a thickness of 5 mm (with responses varying from 3 to 8 mm), and the occurrence rate of severe skin reactions was 5%–30% (22). Spierer et al. found that 63.6% developed grade 3–4 skin toxicity in a follow-up study of 118 patients with the daily use of a bolus (the radiotherapy interruption rate was 28%) (23). Pignol et al. recorded acute skin toxicities of 257 patients who received PMRT; the rate of grade 3 toxicity was as high as 47% for the daily use of a 5–10 mm bolus versus only 26% for once every other day use (p < 0.001) (16). Another study showed that there was no observed adverse effect by adding a 5 mm bolus on alternate days in the median follow-up of 3.7 years (range 1–6.6 years) (24). In addition to the effect of cumulative dose on the skin surface, smoking history (p = 0.03), radiation energy (p = 0.04), human race (p = 0.031), BMI (p = 0.043), and postmenopausal status (p = 0.004) were all correlated (14, 16, 25). Thus, the National Comprehensive Cancer Network Guidelines (NCCN, version 4.2022) and the European Society for Radiotherapy & Oncology (ESTRO) recommend that special consideration should be given to the daily use of a 3–5 mm bolus in the setting of PMRT to select cases, especially for inflammatory breast cancer, skin involvement (T4b-d), and positive anterior margin (20, 24, 25).

However, due to the irregular chest wall shape and surgical scar, it is difficult to make the commercial bolus conform perfectively with the skin; in addition, it is also easy to be deformed during radiotherapy, which usually causes air gaps between the bolus and skin (26–29). Some studies have shown that these gaps can lead to inadequate or inhomogeneous radiation doses to the skin, which may further reduce the effect of PMRT (30–34). The emerging three-dimensional (3D) printing technology offers alternative fabrication ways for an ideal patient-specific bolus, which can further optimize the effectiveness of radiotherapy (35–40). Previous studies have revealed that the patient-specific bolus reduces unnecessary irradiation to the healthy normal tissues and improves the conformity of radiation distribution for patients with irregular surface contours and varying target depths (35, 41–46). Even though a 3D-printed bolus has been gradually applied in superficial tumor radiotherapy, the clinical application of PMRT still remains spare (26, 28). This study used the patient-specific 3D-printed bolus for PMRT and evaluated the dosimetric characteristics, skin fitness, and skin adverse effects of the 3D-printed bolus, hoping to achieve improved results by ensuring a more precise radiotherapy for breast cancer patients.



Material and methods


3D-printed bolus design and fabrication

The desired bolus area for radiotherapy was marked on the anthropomorphic phantom or patient. The chest contour was created based on the computed tomography (CT) scan, which is then expanded by the desired thickness of the bolus and subtracted from the expansion. CT images in the general digital imaging and communications in medicine (DICOM) format were exported as a stereolithography (STL) file, which was loaded into a 3D-modeling software (Mimics 10.01) to create a patient-specific bolus (
Supplementary Table 1 and Figure 1). It should be noted that in order to reduce the positioning error, we developed the positioning fixator connecting the vacuum bag and the bolus; the manufacturing process of the 3D-printed bolus (thickness: 5 mm) is shown in Supplementary Figure 2.




Figure 1 | Example of dose distribution of 3D-printed bolus in treatment planning system (TPS). (A) Delineation of radiotherapy target area. (B) The dose–volume histogram (DVH) curve.



In order to ensure that the 3D-printed bolus highly fits with the skin to further assure the radiotherapy quality, the following aspects were noted: first, a connecting fixing device was designed between the axillary side of the bolus and the vacuum bag to prevent the bolus from shifting; second, cone beam computed tomography (CBCT) was daily used to verify the reproducibility of bolus placement; third, the 3D-printed bolus was remade if necessary.



Participant population

We selected patients according to the following criteria: women aged 18–70 years who underwent radical mastectomy and primary chest wall radiotherapy, patients with PT3-4 or PN2-3 stage, one to three axillary lymph nodes positive at the PT1-2 stage with high-risk factors (age ≤40 years, estrogen receptor and progesterone receptor negative (ER-/PR-), human epidermal growth factor receptor 2 overexpression (HER2+++), histologic grade III (G3), lymphovascular invasion (LVI), etc.). Patients receiving radiotherapy with a commercially available bolus or without a bolus, with recurrent or metastatic disease, or previously treated, were excluded.



Dosimetric evaluation

A radiotherapist delineated the clinical target volume (CTV): the upper border was the clinically visible/palpable one and not exceeding the sternoclavicular joint (~2nd rib), the lower border was the inferior margin of the contralateral breast on CT, the anterior border extended to the skin, the posterior border included the pectoralis muscles and ribs, and the medial and lateral borders were sternum and mid-axillary line (excluding latissimus dorsi) and the organs at risk (OARs) in the RayStation treatment planning system (TPS) (version4.7.5; RaySearch Laboratories AB, Stockholm, Sweden) (47, 48). The intensity modulated radiation therapy (IMRT) within six-field irradiations was used in PMRT. The inner and outer tangential field was used in the chest wall, and the angle of increasing field was within ±15° based on the spatial relationship between the target area and the organs at risk. Pairs of penetrating field were added in the locking segment based on the radiating field of the chest wall. The angles of the radiating field of the left and right breasts were 340° and 160°, respectively, and 20° and 200°, respectively. Number of segments: 48. The maximum field area is 4 mm2, and the maximum field hop number is 4 MU. All treatment plans are designed in the RayStation TPS (Figure 1), with a 6 MV photon beam and a collapsed cone algorithm. The dose grid size is 0.3 * 0.3 * 0.3 cm. The prescribed doses were PCTVsc (the supra- and infra-clavicular regions) and PCTVcw (the ipsilateral chest wall) 50 Gy/25 f, and doses were normalized to at least 95% target volume meeting the prescribed dose requirements (49–51). The dosimetric parameters of the planning target volume (PTV: defined as the CTVs with a 5 mm margin) were evaluated as follows: Dmin, Dmax, Dmean, D95%, homogeneity index (HI = (D2%-D98%)/D50%), conformity index (CI), absolute percentage differences (|%diff|=|100x (Dfact- Dtheory)/Dtheory|) for single fraction; OARs: ipsilateral lung (Dmean, V5, V20, V30), heart (Dmean, V30, V40), and spinal cord PRV(Dmax) (31, 49, 52).



In vivo skin dose measurement

GafChromic EBT3 (International Specialty Products, Wayne, NJ, USA) had been proven to be suitable for absorbed dose measurement in radiotherapy (53), which was used in our study due to its thin structures, easily cutting to small size and near-tissue equivalence. To accurately position the EBT3 films, beam’s eye view (BEV) at a gantry angle of 0 degree with PTV and body contours on show was printed on a paper with a scale of 1:1 to a real patient. The PTV contour was divided into eight sub-regions by four rows and two columns, with rows toward left–right and columns toward cranial–caudal directions. Eight 3 × 2 cm2 rectangles were drawn and marked with numbers 1, 2,…, 8 in the center of each sub-region, respectively (Supplementary Figure 3). EBT3 film pieces with a fixed size of 3 × 2 cm2 were cut from the same batch. For each patient, eight film pieces coded with numbers 1, 2,…, 8 were taped on the chest wall at the positions corresponding to the eight rectangles and covered by the 3D-printed bolus. For the sub-region where the patient’s surface was very unsmooth, particularly in the region near the axilla, the 3 × 2 cm2 film piece was replaced by a smaller one with a size of 2 × 1.5 cm2.

Every patient’s irradiated films with two reference films together were scanned by an Epson 11000XL scanner 24 h after irradiation. The two reference films—one was unexposed and the other was exposed to a known dose immediately after in vivo measurement—were used to rescale the calibration function to fit the responses of that specific scan. Software FilmQA Pro 2016 was used to analyze the measurement results. The film absorbed dose was achieved by averaging the reading of a region of interest (ROI) with 1 × 1 cm2 at the center of each film piece.

The calculated surface doses were obtained in TPS. For every patient, eight ROIs in the center of each sub-region with a size of 1 × 0.1 cm between the 3D-printed bolus and the patient skin across three-slice CT images were contoured (an example of the ROI contour is shown in Figure 2). The average dose of each ROI was recorded and compared with the measurement dose.




Figure 2 | In-vivo skin doses measurement in RayStation TPS. (A) Coronal scan with bolus covering small film. (B) Cross-sectional scan with bolus covering small film.





Skin toxicity

All patients referred for PMRT were visited weekly during and after 2–4 weeks of radiotherapy to assess and record skin toxicities. To ensure consistency and accuracy in the classification of acute skin side effect, the follow-up photographs of the skin (Supplementary Figure 4) were evaluated by two or three radiotherapists to determine the grading (according to the Radiation Therapy Oncology Group (RTOG)) (54). For cases with uncertain grading results, a dermatological consultation with the patient might be requested. The occurring time of skin side effect including dry or moist desquamation and the degree of erythema were evaluated. Based on the RTOG classification, the main difference between grades 2 and 3 was the presence of moist desquamation and tenderness, while grade 4 was defined as necrosis, ulceration, or bleeding.

During radiotherapy, skin care includes the following: keeping the irradiated chest wall dry, avoiding skin scratching, medical ray protection sprays, and corticosteroids or topical dressings used for excessive inflammation; antibiotics were used when necessary.




Result


Preclinical evaluation

The theoretical radiation dose of the chest wall reached the targeted values (mean value): Dmin 4932 cGy, Dmax 5259 cGy, Dmean 5131 cGy, D95% 5021 cGy, HI 0.05, CI 99.91%. Meanwhile, there was a strict limit on the OARs in TPS: the Dmean values of the ipsilateral lung and heart were 1017 and 438 cGy, respectively, the Dmax value of the spinal cord PRV was 88 cGy (Table 1). The mean Dfact and Dtheory of the skin surface were 204.59 and 204.73 cGy, respectively, and the mean |%diff| was 0.99%. In addition, we also observed that the 3D-printed bolus was highly attached to the skin, and the mean air gap at the dosimetry point on the skin surface was only 1.01 mm (Supplementary Table 2).


Table 1 | Dosimetry evaluation of anthropomorphic phantom with 3D-printed bolus .





Clinical evaluation


Patient population

Finally, we totally involved 360 patients in this study from October 2019 to July 2021 (Table 2), in which 27 patients were selected to study dosimetric parameters; the median age was 49 (24–70) years old. The lesions were mostly in the left breast (199 of 360, 55.3%). There were 24.7% (89 of 360) or 50.3% (181 of 360) of the patients with advanced pathologic stages T3-4 or N2-3. In addition, 39.4% (142 of 360) of the patients with early pT1-2N1 had at least one (85 of 142, 59.9%) and up to four (1 of 142, 0.7%) risk factors, including age ≤40 years (20 patients), ER-/PR- (42 patients), HER2+++ (59 patients), G3 (70 patients), and LVI (22 patients), in which 42 patients had two risk factors and 14 patients had three risk factors. In the tumor-node-metastasis (TNM)-based staging (8th Edition of the American Joint Committee on Cancer (AJCC) publications), patients with stage III disease accounted for the majority (217 of 360, 60.3%), in which 27.5% (99 of 360), 8.9% (32 of 360), and 23.9% (86 of 360) of the patients had stage A, B, and C, respectively. The next largest number of patients belonging to IIB was 29.6% (107 of 360). Postoperative breast reconstruction was rare, only 11.4% (41 of 360) of the patients; the rest of the patients did not undergo breast reconstruction (319 of 360, 88.6%).


Table 2 | Patient characteristics.






Dosimetric parameters evaluation in 27 patients

The dose coverage in the target area met the prescription dose requirements in TPS: median dose(range): Dmin 4967 (4789–5099) cGy, Dmax 5447(5369–5589) cGy, and Dmean 5236(5171–5323) cGy; D95% of the target volume ranged from 4936 to 5156 cGy. The CI and HI were 99.94% (97.41%–100%) and 0.07(0.06–0.17), respectively (Supplementary Table 3). The actual radiation dose on the skin surface was very close to the theory value; the median theoretical and actual radiation doses were 208.85(203.16–212.53) cGy and 209.53(204.14–214.42) cGy, respectively, and the |%diff| ranged between 0.89% and 2.94%, with median 1.77% (Table 3). In addition, the dose of OARs is illustrated in Supplementary Table 4. The median Dmean of the ipsilateral lung was 1341(1208–1385) cGy; the V5%, V20% and V30% of the target volume were 48.06% (39.75%–48.97%), 24.55% (21.58%–26.93%), and 18.40% (15.96%–19.16%), respectively. The Dmean of the heart was 339 (138–640) cGy, with V30 1.10% (0%–6.14%) and V40 0.38% (0%–4.39%). The median Dmax of the spinal cord PRV was 639(389–898) cGy.


Table 3 | Dose accuracy verification on skin surface of the 27 patients.





Skin toxicity

All the 360 patients were followed up for skin toxicity study during the radiotherapy (Table 4). The most common skin toxicity was grade 1 (321 of 360, 89.2%), presenting as faint erythema (229 of 321,71.4%) or dry desquamation (54 of 321, 16.8%) or both (38 of 321, 11.8%). With the accumulation of radiation dose (especially during 21–25 fractions), the number of patients with the above symptoms was also gradually increasing (84 of 229, 36.7%; 24 of 54, 44.5%; 21 of 38, 55.3%). With a small number of patients progressing to grade 2 (32 of 360, 8.9%), all patients presented moderate erythema (MER), in which 56.2% or 28.2% of the patients had accompanied patchy moist desquamation (PMD) (18 of 32) or moderate edema (MED) (9 of 32) that occurred after 21 fractions (14 of 18, 77.8%; 7 of 9, 77.8%); others presented large areas of MER and MED, with PMD at the folds of the skin, but the number of patients was relatively small (5 of 32, 15.6%). The incidence of grade 3 was relatively low (7 of 360, 1.9%); most patients present confluent moist desquamation (CMD) and pitting edema (PE) (5 of 7, 71.4%); treatment was discontinued in four patients because they developed during radiotherapy (1.1%). There was no grade 4 occurrence (0 of 360). The most severe reactions usually occur in the 2–4 weeks after completion of radiotherapy treatment (Table 5). The incidence of grades 2–4 acute radiation dermatitis was 41.67%, of which 64.7% were grade 2 that presented as complex lesions (moderate erythema with edema, patchy moist desquamation at the skin fold). Grade 4 events (mainly ulcers) occurred in 4.4% of the patients, and all got well again after topical corticosteroids and dressing therapy combined with antibiotics.


Table 4 | Skin toxicity during radiotherapy.




Table 5 | Skin toxicity during and after 2–4 weeks of radiotherapy.






Discussion

In this study, the largest of its kind, we illustrated that the use of the 3D-printed bolus brought many advantages in postmastectomy chest wall radiation therapy for breast cancer, such as reducing the air gaps between the bolus and the skin, improving the dose uniformity, and ensuring the skin surface radiation dose, which might further guarantee the precise PMRT for breast cancer.

Generally speaking, unwanted air gaps lead to an inadequate or inhomogeneous radiation dose, which causes a considerable difficulty for the precise postmastectomy chest wall radiation therapy for breast cancer (30). Butson and Khan et al. reported that the dose for high-energy X-ray beam was decreased by up to 4% and 10% because of 4 and 10 mm air gaps, respectively (33, 55). Zhao et al. reported that 11 mm air gap under the commercial bolus obviously decreased the skin surface dose by about 2% (56). Similarly, James L. Robar et al. found that the air gaps of more than 5 mm were decreased from 30% (commercial bolus) to 13% (3D-printed bolus) (p < 0.0003), and the maximum air gaps diminished from 5 ± 3 to 3 ± 3 mm (26). Our study showed that the unwanted air gaps were reduced to as low as 1.01 mm contacting better with the patient’s irregular skin surface. Accurate fitting of the bolus to the patient skin is important, and thus, our study pointed out that customized 3D-printed boluses with better fitting are suitable for clinical applications.

Furthermore, our personalized 3D-printed bolus provided an optimal dose distribution, with HI lower than 0.07 and CI >99.9%. However, the HI of the commercial bolus was 0.15 in the study of Zhang et al., which greatly reduced the effectiveness of radiotherapy (26). Hou and Park et al. also found that the 3D-printed bolus improved dose uniformity by 45% and improved the precision of the dose absorbed by the chest wall to 3% (28, 57). However, the HI and CI in their studies still did not reach a lower value. In our study, we used IMRT technology and a positioning fixation device to reduce positioning error, improve the dose uniformity, ensure skin surface radiation dose, and maximize precision radiotherapy. In addition, the actual radiotherapy dose of the skin was almost close to the theoretical dose (Dtheory 208.85 (203.16-212.53) cGy, Dfact 209.53 (204.14-214.42) cGy, |%diff| 1.77% (0.89-2.94%)). This result was obviously better than the traditional bolus in the study of Park et al. whose |%diff| was 4.43% (28).

It is worthy to note that although the 3D-printed chest wall bolus has obvious dosimetric advantages, radiodermatitis is one of the distressing side effects that manifested as erythema or moist desquamation even. Although most radiodermatitis is reversible, it commonly causes discomfort and may bring about treatment interruption. Therefore, we have taken some measures to further reduce the incidence of radioactive dermatitis, such as skin care education for patients before radiotherapy, including keeping the irradiated chest wall dry; avoiding skin scratching; and using medical ray protection sprays, corticosteroids, or topical dressings appropriately; antibiotics were used when necessary, and so on. In this current study, the skin side effect incidences of grade 1 (321 of 360, 89.2%), grade 2 (32 of 360, 8.9%), and grade 3 (7 of 360, 1.9%) were controllable during the radiotherapy, which was similar to the incidence of radiation dermatitis caused by a traditional bolus reported by Anderson and Tieu et al. whose ≥2 grade dermatitis was 9%–24% (15, 58). However, in our study, fewer patients (4 of 360, 1.1%) had to discontinue treatment because of more unacceptable skin toxicity than Tieu’s (20 of 254, 7.9%) (15). We speculated that it was the patient skin care education before radiotherapy and strict follow-up that, to a certain extent, guaranteed the patient’s compliance to the whole treatment.

However, our study presents several limitations. Firstly, the study was a single-arm, single-center clinical study; the results need to be further verified in a multicenter study in the future. Secondly, since this study paid more attention to the 3D-printed bolus ensuring the precise postmastectomy chest wall radiation therapy for breast cancer, quality of patient life assessments may have been overlooked. Thirdly, the follow-up time was only limited in the radiation period, and there needs to be longer follow-up time for the 3D-printed bolus’ effect on locoregional control and patient survival.



Conclusion

The new 3D-printed chest wall bolus owns a high degree of personalization, good radiation dosimetric advantages, and controllable skin toxicity, which has a relatively high clinical application value. In the future, long-term follow-up will be continued to evaluate the patient’s local recurrence and survival so as to comprehensively evaluate the efficacy of the 3D-printed bolus in PMRT. Meanwhile, we will explore new 3D-printed bolus materials with higher quality and lower price, and seek the best application times to ensure the curative effect of radiotherapy.
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HER2-positive metastatic breast cancer is much less frequent than other subgroups of breast cancer. Treatment options for this cancer are mostly limited to systemic chemotherapy, which leads to moderate improvements. Targeted therapy against malignant breast cancer requires the identification of reliable biomarkers for personalized medicine to obtain the maximum benefit of this therapy. Any mutations in the TP53 signaling pathway can be considered as a significant causative factor of breast cancer, for which the identification of target genes plays an important role in selecting the appropriate treatment. The use of personalized gene expression profiling could be valuable to find the direct target of the treatment in this case. The present study assessed the genetic profile of an HER2-positive metastatic breast cancer patient (with a liver metastasis) and figured out a complete and sustained response to bevacizumab. According to the results of next-generation sequencing (NGS) analysis, the patient’s genetic profile showed an increased expression of p4EBP1 and PTEN and the activation of the mTOR signaling pathway with a mutation in the TP53 gene. Based on the common treatment of similar profiling, we administrated bevacizumab/Taxol/Gemzar chemotherapy up to six courses. Accordingly, as the response to treatment was revealed by reducing the volume of the liver metastasis from 4 to 1.4 cm, metastasectomy was performed as a complementary treatment. Hence, personalized gene expression profiling not only is useful for targeted therapy but also could be recommended to avoid prescription of non-responsive drugs.
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Introduction

Nowadays, personalized medicine has made it possible to diagnose, treat, or prevent a specific disease using the genetic structure of each patient. The ultimate goal of personalized medicine is to provide a set of markers that can be used to assess the risk of developing a disease throughout the life of each individual in the presence of environmental variables (1).

Most cancer cells do not respond well to conventional therapies, and there is still a risk of recurrence, indicating very high heterogeneity of the disease and the involvement of particular molecular mechanisms specific to each tumor. Therefore, each individual shows an exclusive response to treatment based on a specific genotype (2).

Breast cancer is a highly heterogeneous disease caused by genetic and epigenetic mutations and is one of the most important causes of cancer mortality (3). Different types of breast cancer including ductal carcinoma in situ (DCIS) and invasive lobular carcinoma (ILC) have been reported in terms of their clinical features (4). The most common types are invasive ductal carcinoma (IDC) and ILC. IDC makes up about 70%–80% of all breast cancers (4). As patients differently respond to each treatment, the molecular analysis as well as the clinical and pathological findings play an important role in the targeted therapy considering the advances in the genomic field (5).

One of the remarkable targets in cancer signaling pathway is tumor protein P53 (TP53) protein, which is a multifunctional transcription factor in the wild type and is involved in cell-cycle control, DNA maintenance, genome integrity, post-DNA damage repair, and apoptosis (6). The loss of TP53 function results in the replication of damaged DNA. Therefore, tumors with activated TP53 mutations are expected to have more mutations in other genes that lead to an increase or decrease in the expression of other genes (7).

TP53 is a multifunctional tumor-suppressor gene that is often active in neo-vascularization following a number of inhibitory mechanisms (8). For instance, TP53 promotes the degradation of the hypoxia-inducible factor 1 (HIF-1) in the cell. In reaction to oxygen deficiency, HIF-1 functions as a primary transcriptional activator of vascular endothelial growth factor-(VEGF-)mediated angiogenesis (9). Although the interaction between TP53 and HIF-1 is not well understood, TP53 tends to influence angiogenesis via other pathways. As compared with non-overexpressing tumors, the overexpression of VEGF in breast cancer patients contributes to shorter relapse-free and total survival periods (9).

Many patients with various cancers are referred to the Biomarker Evaluation & Supervision Team for Personalized Medicine (BESTforPM), Imam Khomeini Hospital Complex, Tehran University of Medical Sciences, Tehran, Iran. These patients usually suffer complicated, metastatic, or end-stage cancers, most of which are resistant to conventional chemotherapy methods. Therefore, patients’ genetic profiles are usually checked with the development of personalized medicine based on the decision of a multidisciplinary team for some patients. The results of personal medical tests would lead to the presentation of a better treatment for those patients. In the present study, we described the case of a patient with phenotypic, metastatic breast cancer that unpredictably reacted to bevacizumab therapy. A single reportable somatic TP53 mutation was discovered during genomic profiling of her metastatic liver specimen. The available literature suggests conflicting evidence that supports the role of this mutation in cancer (3). Some evidence proposes that it may stimulate the angiogenesis signaling pathway (7). The reported case emphasizes the importance of further research examining the function of TP53 mutations in cancer development. Moreover, therapeutic response also highlights that personalized medicine, unlike traditional chemotherapy methods, can contribute to targeted therapy.



Materials and methods


Clinical presentation and family history

The patient was a 48-year-old woman at premenopausal stage. In November 2014, she was diagnosed with IDC, grade II, T1c N1 M0, and ER+/PR+ HER-2 weakly (+2) positive. There was no history of breast cancer and no proof of BRCA1/2 mutations among the patient’s relatives. In December 2014, after the initial diagnosis of ductal carcinoma, the left breast underwent lumpectomy, and then chemotherapy was given by doxorubicin, cyclophosphamide (four courses), and Taxol (four courses). The treatment process was kept going on with radiotherapy (50 Gy/25Fr + tumor bed electron boost 10 Gy/5Fr in 30 sessions) from May 2015 to July 2015. Following the chemotherapy, she received 17 courses of Herceptin (440 mg every 3 weeks).

Hormone therapy started by tamoxifen for 8 months from June 2015 to February 2016; however, due to some side effects it was switched to letrozole which was consumed for about 2.5 years from February 2016 to July 2018 (Figure 1). During the first 2 years, diagnostic follow-up was performed every 3 months, and then every 6 months by evaluating tumor markers using blood tests (CA 125, CA15-3, and CEA), the results of which were normal throughout the mentioned period.




Figure 1 | Schematic diagram of the patient’s clinical course indicating treatment, duration, and disease recurrence.



In addition, other follow-up diagnostic modalities for this patient included breast ultrasound twice a year as well as the annual mammography, which indicated no evidence of recurrence or metastasis, other than a suspicious lesion located at the surgical incision site, which was reported normal by MR mammography. Furthermore, Pap smear tests and clinical gynecology investigations performed every 6 months were reported to be normal.

In July 2018, without any symptoms and only based on the patient’s request for abdominal and pelvic ultrasonography, a hypodense mass with approximate dimensions of 32 × 41 mm was reported in the left liver lobe, and soon after a liver metastasis was confirmed by performing biopsy (Figure 2).




Figure 2 | First PET/CT on 26 July 2018. The arrows show a fluorodeoxyglucose (FDG) avidity-standardized uptake value (SUVmax = 9.2) hypo-attenuating lesion with partial necrosis with the left liver lobe, compatible with metastatic disease.



A positron emission tomography (PET) scan was performed. With the exception of the mentioned liver mass, the reports of other sites and phasic lung scan showed normal results. The patient was presented at the liver tumor board. Liver metastasectomy indications were discussed and recommended as a treatment modality along with the systemic therapy. Due to the limitations of approved common chemotherapy for breast cancer and the probability of developing chemoresistance, it was suggested to examine the patient in terms of genetic by NGS (the Ion Torrent Genexus System Platform) and tumor characteristics as well as the pattern of biomarkers to arrive at the best decision to choose effective systemic therapy agents including targeted therapy and find out clinical benefits or lack of benefits about each systemic therapy agent in order to raise the chance of treatment response before the golden time expiration.




Results


Genomic analysis

Among the 315 cancer-related genes studied, genomic profiling of the liver specimen in January 2019 reported a single reportable mutation: TP53 (Table 1 and Supplemental Table 1).


Table 1 | A summary of the results of the patient’s protein expression.



Mechanistic target of rapamycin (mTOR) activation was shown with a positive phosphorylation of 4EBP1 (p4EBP1) expression (an mTOR c1 effector) and phosphatase and tensin homologue (PTEN) positivity. In addition, PTEN was present to block the phosphatidylinositol-3-kinase (PI3K) pathway and fulfilled its function as a tumor suppressor, preventing cancer cell proliferation. Furthermore, NGS data (the Ion Torrent Genexus System Platform) revealed that this patient had wild-type PIK3CA. Overall, these data indicated that PI3K and dual PIK3/mTOR inhibitors were not correlated with therapeutic benefits in this patient. The immunogram test showed a poor propensity for immunotherapy. Despite the existence of CD8+ T cells in the tumor, we observed that PD-L1 expression was poor. Furthermore, no microsatellite instability (MSI), tumor mutational burden (TMB), or sensibility/resistance mutations were found. Preexisting CD8+ T cells, which were distinctly located at the invading tumor margin, were linked to PD-1/PD-L1 immune inhibitory axis expression and might predict therapy response. Furthermore, an improvement in CD8+ T cells in serial tumor samples was associated with a stronger response during treatment. However, since CD8 expression was impaired by tumor heterogeneity and temporal variability, measuring CD8+ T-cell infiltration alone did not have a strong predictive value. As a result, we could not rule out the possibility of a boost from immunotherapy care centered on the optimistic CD8 lymphocyte infiltration. The tumor ID profile in biopsy showed a single reportable somatic mutation: TP53-cDNA: c.584T>C. AA: p.I195T. VarFreq: 35%.



Treatment outcomes

According to the results of the genetic profile report, chemotherapy with bevacizumab, Taxol, and Gemzar was continued for up to six courses. The response to treatment was achieved with a reduction of liver metastasis from 4 to 1.4 cm. Subsequently, the patient was referred for liver metastasectomy, which was performed first through laparoscopy procedure and then through liver metastasectomy as an open surgery.

At the end of the third line of treatment with Herceptin, Perjeta-Taxotere was started in March 2019. The reports of the PET scan provided in May 2019 and November 2019 indicated a complete response to treatment (Figures 3, 4). Moreover, the diagnostic follow-up demonstrated the patient’s normal status currently.




Figure 3 | Second PET/CT on 23 May 2019. When compared with prior FDG PET/CT scan, the patient status post left liver lobe segment 4 resection, with non-FDG-avid post-surgical change in the surgical bed, which was compatible with an excellent complete metabolic response to therapy.






Figure 4 | Third PET/CT on 03 November 2019. No metabolic evidence of malignancy in the images of the target parts of the body, which was compatible with continued remission.






Discussion

Despite their high occurrence in cancer, there are currently no approved targeted therapies for TP53 mutations. According to a newly released retrospective review, patients with advanced cancers harboring a TP53 mutation have a longer progression-free survival on drug regimens containing bevacizumab (Avastin®; Roche, Basel, Switzerland) (Figure 5) (7).




Figure 5 | Schematic diagram of the signaling pathway from breast cancer to liver metastasis. TP53 protein is one of the important targets in the cancer signaling pathway and is involved in cell-cycle control, apoptosis, and angiogenesis. Bevacizumab is a VEGF-A monoclonal antibody against circulating VEGF and can inhibit tumor angiogenesis. This figure is created by Biorender.com.



In the current study, the patient treatment was initiated in 2014 with conventional chemotherapy based on standard guidelines, and all treatment policies including surgery, chemotherapy, radiotherapy, hormone therapy, and patient follow-up were performed. In 2018, a liver metastasis was observed as a result of diagnostic follow-up performed due to the patient’s request and without any specific symptoms or predicted risk factors. However, the multidisciplinary team consultation, oncologist–geneticist cooperation, and joint clinical decision making were benefited from in the second line of treatment, and the patient’s treatment plan was determined considering the personalized medicine and genetic analysis in order to find out the best treatment approach. As explained above, based on NGS findings, bevacizumab was determined as the first and best recommended choice of treatment and led to the dramatic response of the liver metastasis and prolonged the patient’s disease-free and overall survival rate. However, based on standard guidelines, bevacizumab is rarely employed in the therapeutic plan of patients with breast cancer and a liver metastasis and is more preferred in colorectal metastases and brain tumors. Therefore, it seems that if personalized medicine, rather than the conventional chemotherapy methods, was used from the very beginning of the treatment, a liver metastasis might not have occurred for this patient.

The valuable finding of this study is that in addition to the benefits of the personalized medicine and the corresponding treatment decision along with tumor identification, we also figured out the patient’s resistance to a specific part of the first line of chemotherapy, which suggested that the main agent in her previous chemotherapy was not effective. It should be mentioned that the instructions provided in the guidelines always consider the personalized medicine for the second line of treatment as an inclusion criterion. If we had the option to apply the personalized medicine for this patient immediately after the initial diagnosis, it would have helped us to choose more effective chemotherapy agents or change the regimens in order to improve the treatment in the first line. Furthermore, by doing so, the prescription of ineffective drugs with their side effects would have been avoided.

However, very few studies have been published on the use of bevacizumab in the treatment of metastatic breast cancer along with a liver metastasis. In line with the present study, Ogata et al. (10) used the combination of bevacizumab/paclitaxel/carboplatin to treat the liver metastasis in triple-negative breast cancer with mutations in the BRCA2 gene.

Huemer et al.’s study also reported about a woman with HER2-positive breast cancer that was highly symptomatic because of extensive pulmonary involvement. They used the combination of docetaxel/trastuzumab/bevacizumab that led to a significant response. The mentioned study revealed a significant association between treatment success and the addition of anti-VEGF antibody. The employed treatment was in agreement with the current study (11).

The role of bevacizumab in breast cancer is still controversial. Several studies demonstrated an improvement in terms of progression-free survival when bevacizumab was added to standard chemotherapy. However, on the other hand, the toxicity rate was increased and no benefit was observed in terms of the overall survival rate (12, 13). In line with numerous previous studies that have used surgery to treat liver metastasis caused by breast cancer, the present study also employed surgery in addition to the targeted therapy (14, 15).

The majority of p53 mutations have been found in the core hot spots of the DNA-binding domain (16). The current result of tumor profiling on biopsy showed a somatic mutation in TP53-cDNA: c.584T>C. AA: p.I195T which was found in the protein’s DNA-binding domain. This mutation was described as highly destabilized and linked to poor DNA-binding affinity (17). The variations found in TP53 in advanced cancers were scattered over multiple exons encoding the gene, suggesting that they were normal variations in exon 5 (n = 23. 33.3%), followed by exon 6 (n = 14, 20.3%), exon 7 (n = 12 17.4%), exon 4 (n = 9, 13.0%), exon 8 (n = 9 13.0%), and exon 9 (n = 2, 3.0%). More studies are required to specify which causes such as tissue of origin or a rare TP53 mutation influence bevacizumab responsiveness (7).

Several studies have been performed to examine the effect of somatic TP53 mutation in various cancers. One study in this respect showed a mutation in TP53 and its association with the increased expression of VEGF-A as the major ligand in the VEGF/VEGFR pathway, which can play a key role in regulating angiogenesis (18). The presented results refer to previous preclinical evidence, which connected TP53 to an increased VEGF expression and vessel density in head and neck tumors (18), breast carcinoma (19, 20), and bone marrow stromal cells in leukemia patients (21). Furthermore, the p53 protein controls angiogenesis, at least in part, by binding directly to the HIF- subunit and inducing HIF- degradation (9). Bevacizumab, as a VEGF-A monoclonal antibody against circulating VEGF, is one of the most common oncology medications. It inhibits tumor angiogenesis by blocking this ligand from communicating with its receptor (9, 22). This medication is licensed for implementation in a number of cancers including kidney cancer, colon cancer, non-small cell lung cancer (NSCLC), and glioblastoma. The effect of bevacizumab on survival in non-selected patients is limited, and the FDA revoked its approval in metastatic breast cancer in 2011 (23), although the National Comprehensive Cancer Network® (NCCN®) Clinical Practice Guidelines in Oncology for Breast Cancer define the recommendation as follows: “Bevacizumab in combination with Paclitaxel is an appropriate therapeutic option for metastatic breast cancer” (24). In phase II clinical trials in metastatic breast cancer, bevacizumab showed positive efficacy and was well tolerated as a single agent. In phase III trials, bevacizumab with capecitabine, as compared with capecitabine alone, had little advantage in the progression-free survival, which may be attributed to the patient population, advanced stage at diagnosis, weak prognostic indicators, and also the employed chemotherapy protocol. Because of the role of other proangiogenic factors in breast cancer development and the variability of VEGF expression in breast cancer, a more targeted approach to anti-VEGF therapy may be advantageous (25). The association between TP53 mutations and positive results found in clinical trials of patients treated with anti-angiogenesis agents may be explained by attending to the relationship between TP53 mutations and the VEGF-A expression (7). Although previously published data on the predictive value of VEGF-A circulation have not been shown to correlate with patient recovery after bevacizumab treatment, it is also known that blood-derived VEGF-A levels are not well correlated with the VEGF-A tissue expression (25).

Other studies have also revealed that the p53 protein inhibits angiogenesis and neo-vascularization (8, 26). In addition, numerous tumor cell lines and xenograft tumor models have shown a connection between the p53 mutation and neo-vascularization (7). Scientific evidence indicated that p53 mutational status was not correlated with survival in patients with colorectal cancer treated with bevacizumab (27). As the pattern of cancer treatment changes from chemotherapy regimens to personalized medicine, the discovery of reliable biomarkers for treating cancer patients by targeted therapies is essential. Breast cancer treatment has so far been accepted using targeted HER2 therapies for HER2-positive and anti-hormonal therapies for ER +/PR + (28).

The basis of this type of treatment is the inhibition of growth factor receptors, inhibition of angiogenesis, and induction of apoptosis in tumor cells, which can be achieved using monoclonal antibodies and small-molecule inhibitors (29).

However, in order to extend this strategy, researchers will continue to specify biomarkers predicting therapeutic responses. Anti-angiogenic therapies (drugs targeting the neo-vascularization mechanism that helps tumors to self-sustain) will profit from the development of a new biomarker in particular.



Conclusion

The present study presented an identified case of breast cancer with a phenotype that caused several chemotherapy courses to fail. Therefore, cancer gene expression profiling was used to amend the treatment based on her genetic tumor information. Following the detection of a change in TP53, it was decided to add targeted therapy with bevacizumab, as a result of which the patient experienced an exceptional 6-month response to the bevacizumab regimen. It can be concluded that recommendation of personalized gene expression profiling from the beginning in guidelines could be beneficial to find specific targets and prevent the prescription of non-responsive drugs.
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Objective

To explore the application values of deep-learning based artificial intelligence (AI) automatic classification system, on the differential diagnosis of non-lactating mastitis (NLM) and malignant breast tumors, via its comparation with traditional ultrasound interpretations and the following interpretation conclusions made by the sonographers with various seniorities.



Methods

A total of 707 patients suffering from breast lesions (475 malignant breast tumors and 232 NLM), were selected from the following three medical centers, including Zhejiang Cancer Hospital, Hebei Province Hospital of Traditional Chinese Medicine, and Yantai Affiliated Hospital of Binzhou Medical University, and the time period was set from April 2020 to September 2021. All selected cases firstly accepted the routine breast ultrasound diagnosis, followed by the interpretations from a senior sonographer with more than 15 years of work experience, and an intermediate-aged sonographer with more than 5 years of work experience, independently. Meanwhile, a third physician also interpreted the same ultrasound images by deep learning–based AI automatic classification system, independent of the interpretation results from the previous two physicians. The kappa test was performed to evaluate the consistency between the conventional ultrasound interpretation results and pathological results interpreted from physicians with different working experiences.



Results

In total, 475 cases of malignant breast tumors (512 nodules) and 232 cases of NLM (255 nodules) were pathologically diagnosed. The accuracy, sensitivity, and specificity of conventional ultrasound interpretations vary from different sonographers with different working experiences. The accuracy, sensitivity, and specificity for intermediate-aged sonographers and senior sonographers were 76.92% (590/767), 84.71% (216/255), and 73.95% (374/512) and 87.35% (670/767), 86.27% (220/255), and 87.89% (450/512), respectively (P<0.001). In contrast, if the threshold was set as 0.5, the accuracy, sensitivity, and specificity from deep learning–based AI automatic classification system were 83.00%, 87.20%, and 85.33%, separately, and the area under the curve was 92.6. The results of the kappa consistency test indicated that the diagnosis results from the image interpretations by senior physicians and deep-learning based AI automatic classification system showed high consistency with postoperative pathological diagnosis results, and the kappa values are 0.72 and 0.71, respectively, with the P-value of less than 0.001. In contrast, the consistency between the image interpretation results from intermediate-aged physicians with less working experience, and postoperative pathological diagnosis results, seemed to be relatively lower, with a kappa value of only 0.53 and P-value of less than 0.001.



Conclusions

The deep learning–based AI automatic classification system is expected to become a reliable auxiliary way to distinguish NLM and malignant breast tumors due to its high sensitivity, accuracy, and specificity.
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Introduction

Generally, non-lactating mastitis (NLM) mainly includes plasma cell mastitis (PCM) (1) and granulomatous mastitis (GM) (2). It is a kind of inflammatory breast disease that occurs among the non-lactating women with the ages ranging between 30 and 40 years old (3, 4). It is relatively rare in clinical practice, and its rare incidence accounts for 1.41%–5.36% of the breast diseases in the same period, showing an increasing trend in recent years (5).

NLM belongs to a kind of rare, benign, and non-specific inflammatory breast disease and is usually misregarded as malignant breast tumors both clinically and radiologically (6, 7). Malignant breast tumors are a kind of common malignant tumors among women and show serious effects on both the physical and mental health of patients. The previous studies suggested that the 5-year survival for malignant breast tumors can be improved by more than 80% through early screening and diagnosis (8, 9). The breast imaging reporting and date system formulated by the American College of Radiology provided classification criteria for the ultrasound diagnosis of breast diseases (10). There are many clinical diagnostic methods, including nuclear magnetic resonance, tomography, three-dimensional reconstruction technology, and ultrasound examination (11–15). In some cases, due to the limited availability of medical imaging equipment, as well as the less working experience of physicians, misdiagnosis still occurs sometimes, leading to a patient’s failure to be diagnosed correctly (16). Conventional magnetic-resonance-imaging (MRI) scans have good soft tissue resolution, can image in multiple directions, and have no radiation. The diagnostic sensitivity is as high as 90%, but the specificity is only 50%–70% (17), and the cost is relatively high and the examination time is long, so it cannot be widely used in clinical work. Digital mammography has good spatial resolution, which is conducive to the observation of the overall shape of the lesion, and is the most specific for the detection of calcification, but the sensitivity of breast diagnosis decreases with the increase of gland density (18). Diagnosis is difficult due to atypical imaging manifestations, and the diagnosis of early small malignant breast tumors is also difficult (19). Ultrasound examination is real time, non-invasive, and sensitive to the breast examination of dense glands. It has now become an important means of routine examination of female breasts in China. However, considering some overlapped features between NLM and malignant breast tumors, and the fact that the interpretations of image features are also susceptible to the subjective experience of physicians, it is difficult to distinguish (20). In recent years, the emergence of many new technologies has made up for the shortcomings of conventional ultrasound diagnosis (21). An automated breast volume scanner (ABVS) is a fully automatic three-dimensional imaging scanner that can clearly display the information of the coronal plane of the lesion, but ABVS also has limitations: 1) it is not suitable for patients with large breasts, ulceration on the surface, partial depression, or an obvious protrusion of the tumor on the skin surface, and 2) it is impossible to superimpose technologies such as color Doppler and elastography like conventional ultrasound, and the diagnostic information is relatively simple (22). Elastography techniques mainly include strain elastography (SE) and shear wave elastography (SWE), which can qualitatively and quantitatively reflect the degree of softness and hardness of lesions in real time, but their diagnostic results are also affected by the operator’s experience, technology, and the depth of the lesion and size, as well as the influence of factors such as the region of interest of the selected lesion (23). Contrast-enhanced ultrasound can sensitively capture low-velocity blood flow signals and improve the detection rate of early malignant breast tumors, but its shortcomings are: 1) the results of contrast-enhanced imaging are affected by the injection method, instrument adjustment, contrast artifact, and lesion location; 2) benign and malignant breasts. The microcirculation state of the lesions overlaps, and angiography may not be able to distinguish it; and 3) the qualitative or quantitative criteria for evaluating the enhancement pattern of benign and malignant breast lesions are not unified (24). AI is a new technical science based on mathematics, computer science, etc., which researches and develops theories, methods, and application systems for simulating the extension and expansion of human intelligence (25). The earliest development of breast medical imaging AI technology is the computer-aided design (CAD) system. Traditional CAD is affected by artificial delineation and feature extraction (26), and its accuracy is not high. Deep learning can autonomously extract the fine features of massive images to achieve end-to-end learning. The convolutional neural network (CNN) is the most representative model of deep learning, which has excellent performance in the detection and classification of breast ultrasound images (27). AI performs advanced learning based on large data sets and has the advantages of fast calculation speed and strong repeatability. It is expected to become the right-hand assistant of sonographers in the future.



Materials and methods


Materials

A total of 707 patients diagnosed as breast nodules (475 malignant breast tumor, 232 NLM) were selected from three tertiary centers (Zhejiang Cancer Hospital, Hebei Province Hospital of Traditional Chinese Medicine, and Yantai Affiliated Hospital of Binzhou Medical University) with the period from April 2020 to September 2021. The gold standards were set up based on puncture or surgical pathological diagnosis, and we tried to compare the differences between the deep-learning AI automatic classification system and routine examinations from sonographers with different working experiences, in the diagnosis of NLM and malignant breast tumors, followed by the discussion of identification values for the deep-learning AI automatic classification system in distinguishing the above two diseases. All the enrolled patients were proven by histopathological results after biopsy, surgery, or both. The inclusion criteria were: (1) nodules were confirmed by puncture or surgical pathology as NLM or malignant breast tumor; (2) solid breast lesions or predominant solid lesions (cystic part <25%); (3) have not received treatments such as incision and drainage, intervention, radiotherapy, and chemotherapy; (4) breast lesions detected by conventional United States (US) and had complete transverse and longitudinal standard cross-sectional views and image data. The exclusion criteria were: (1) ultrasonic examination showed unclear horizontal and vertical standard sections; (2) unclear pathological diagnosis or benign breast nodules; and (3) patients suffering from breastfeeding mastitis. This study was approved by the hospital ethics committee, and the subjects signed an informed consent form before all examinations.



Equipment and methods


Conventional ultrasound image interpretations

The above three medical centers used different types of ultrasound diagnostic equipment (LOGIQ E9 for Hebei Provincial Hospital of Traditional Chinese Medicine and Zhejiang Cancer Hospital, and Toshiba Aplio500 for Yantai Affiliated Hospital of Binzhou Medical University) to perform the routine breast ultrasound examinations, with the probe model of L11 and frequency of 5~13 MHz. The resulting ultrasound images were interpreted by two sonographers who have been engaged in breast ultrasound diagnosis for many years (one senior physician with more than 15 years of work experience, and another with more than 5 years of work experience), separately. This study was investigated according to the breast imaging reporting and data system developed by the American College of Radiology, with the precondition of not knowing a patient’s personal clinical information and histopathological results (Figure 1).




Figure 1 | Flowchart for lesion selection.





Intelligence ultrasound image interpretations

The obtained ultrasound images were interpreted by a deep-learning based AI automatic classification system, which contains two parts including hardware and software. In terms of the software part, all methods were implemented in Python. CNNs have currently been applied widely in various fields (28–30), and the network in this study was based on Keras 2.1.5 and Tensorflow 1.6.0. The system runs under Ubuntu 16.04. For the hardware part, the system runs on Intel® Xeon(R) CPU E5-2678 v3 @ 2.5 GHz×48 and NVIDIA TITAN V 12 GB Graphic Processing Unit (GPU).

To verify whether it works for all proposed methods above, we used the B-mode ultrasound database of breast nodules originated from multicenters, which contains the 1808 B-mode ultrasound pictures of breast nodules (767 nodules in total). After obtaining the original database, we firstly constructed a rectangular frame in the nodule area based on the segmentation results to obtain the images of the nodule, followed by the diagnosis as malignant breast tumor or NLM (marked as 0: malignant breast tumor, 1: NLM) by a physician with working experience for more than 5 years. A total of 1,250 pictures (512 nodules) for malignant breast tumors were obtained, of which 558 were NLM pictures (255 nodules). Considering the imbalances in the data amount among different categories, the method of data amplification was applied to increase the pictures of both NLM and malignant breast tumors, up to 30,000, respectively, meanwhile keeping the ratio as 1:1, adjusting all the picture sizes as 224 × 224. We chose to use the pretrained InceptionV3 deep CNN from the ImageNet data set for transfer learning, and, meanwhile, the replacement of the fully connected layer, SoftMax layer, and classification output layer of InceptionV3. Of all the collected samples, 70% were selected as the training data set and 20% as the verification data set, and the remaining 10% were used as the test data set (Table 1).


Table 1 | The baseline of the patients included in the data set.



For each nodule, we extracted the outer box of the nodule area according to the doctor’s annotation of the nodule contour and then expanded it by 0.2 times in the up, down, left, and right directions to include the surrounding tissue and finally resized the cropped image to 224 × 224 and input it into the network. The entire procedure is shown in Figure 2.




Figure 2 | The working window of deep learning–based AI automatic classification system (the overall process of image preprocessing).



ResNet is able to solve the problem of gradient disappearance in deep neural networks through identity mapping and accelerate the training process. The entire structure is shown in Figure 3.




Figure 3 | The network structure of ResNet-18.






Statistical analysis

Statistical Product Service Solutions (SPSS) 26.0 was used for statistical analysis. Data were indicated as the form of x ± s and shown as the number of cases and percentages. The pathology results were set as the gold standard, and the consistency of pathological and interpretation results, from conventional ultrasound interpretation by two physicians with different working experiences, and deep learning–based AI automatic classification system were evaluated using the consistency test based on the kappa coefficient (31), followed by the calculations of the kappa coefficient, accuracy, sensitivity and specificity. The larger the kappa coefficient, the higher the consistency. The kappa value with more than 0.70 was interpreted as good consistency and the kappa value of 0.40~<0.70 as general and the kappa value with less than 0.40 as poor consistency. The inspection level (α) was 0.05.




Results


Pathological results

A total of 707 patients (767 nodules) were collected in this study, and the malignant breast tumors diagnosed by puncture or surgical pathology were 475 cases (512 nodules), of which invasive ductal carcinomas account for 509 cases, invasive papillary carcinomas for 2 cases, and intraductal carcinoma for 1 case. The remaining 232 cases were diagnosed as NLM (255 nodules), including 158 cases of PCM and 97 cases of granulomatous mastitis.



Differential diagnosis of non-lactating mastitis and malignant breast tumors by sonographers with different working experiences and deep-learning based artificial intelligence automatic classification system

Of the total 767 nodules, NLM diagnosed by pathological analysis account for 255 cases, and the remaining 512 cases were diagnosed as malignant tumors. The intermediate-aged sonographer diagnosed 354 cases as NLM and 413 cases as malignant tumors. Furthermore, NLM and malignant tumors, diagnosed by the senior sonographer, were 214 cases and 553 cases, respectively. In contrast, if the threshold value was set as 0.5, the model accuracy, sensitivity, and specificity of the deep-learning based AI automatic classification system were 85.33%, 83.00%, and 87.20%, respectively, similar to the diagnosis results from the senior sonographers [accuracy 87.35% (670/767), sensitivity 86.27% (220/255), and specificity 87.89% (450/512)] and higher than that of sonographers with intermediate-aged working experience [respectively 76.92% (590/767), 84.71% (216/255), and 73.95% (374/512)]. Furthermore, the area under the curve (AUC) was 0.926 (as shown in Figure 4).




Figure 4 | (A) The classification accuracy of physicians and AI automatic classification system in NLM and BIC. (B) The ROC curve of the proposed method.



Here, if we defined “mastitis” as positive cases, and “malignant breast tumor” as negative cases, then, the positive predicted values and negative predicted values of all NLM or malignant breast tumors, diagnosed by intermediate-aged/senior experienced physicians and the deep learning–based AI automatic classification system, were 61.02%, 78.01%, and 83.84% and 90.56%, 92.78%, and 86.51%, respectively. It suggested that the interpretations by senior physicians, or the deep learning–based AI automatic classification system, showed higher consistency with the postoperative pathological diagnosis results, with the kappa value of 0.72 and 0.71 and P-value of less than 0.001. In contrast, the results of image interpretations by physicians with intermediate-aged experience showed relatively lower consistency (its kappa value was 0.53 with the P-value of less than 0.001). For details, refer to Tables 2, 3.


Table 2 | The interpretation results by intermediate-aged/senior physicians based on working experience.




Table 3 | The differential diagnosis of non-lactating mastitis and malignant breast tumors by both the deep learning–based AI automatic classification system and intermediate-aged/senior physicians.






Discussions

NLM is a kind of inflammatory disease in the breast tissues of non-breastfeeding women. It generally belongs to benign lesions and is mainly characterized with duct dilatation and massive inflammatory cell infiltration and followed by the infiltrating hyperplasia of ducts and adjacent tissues in the late stage (32, 33). Its main clinical manifestations (34) include breast swelling and pain accompanied with festering, long-lasting unhealed and repeated attacks. Generally, it belongs to intractable diseases among benign breast diseases. Therefore, NLM is also clinically called “undead cancers”. The differentiation of this disease from malignant breast tumors can also lead to misdiagnosis easily. Malignant tumors in the breasts (35) are mostly invasive duct carcinoma, with the proliferation of fibrous tissues in the stroma. Thus, clinical manifestations are always presented as hard mass, an unclear boundary with the adjacent tissues, and poor mobility, along with some pains (36).

The ultrasound images of the above two diseases can show as hypoechoic or mixed-echo masses, obscure boundaries, irregular shapes, and heterogeneous internal echoes, along with or without strong echoes, and the partial attenuation of posterior echoes and CDFI show blood flow signals. The lesions of NLM become small along with the inhomogeneous internal echo; meanwhile, there are larger lesions existing in malignant breast tumors, along with necrosis liquefaction inside; the images of conventional ultrasound showed to be very similar, thus, to some degree, resulting in difficulties in differential diagnosis.

In recent years, with continuous update and improvement, AI-associated diagnosis technologies have been applied in the automatic segments and quick analysis of abnormal areas in tissues, as well as the quantification of lesions (37). Furthermore, AI can also be used for the accurate evaluations of detectable areas to reduce the medical mistakes caused by manual operations (38). AI-driven ultrasound is also becoming more and more mature, and its generated diagnosis results are also getting closer to the results of pathological diagnosis; the emergency of diagnosis by AI-driven ultrasound especially provides the beneficial supplements for early screening and benign/malignant assessments for high-risk diseases such as breast nodules and thyroid nodules (39).

In this study, the application of the deep learning–based AI automatic classification system reduced the probability of misreadings or misinterpretations, through the continuous input of cases, and followed with feature learning, lesion segmentation, and the extraction of features with multiple levels. However, considering the imbalances in the data amount among different categories, the method of data amplification was applied to increase the pictures of both NLM and malignant breast tumors, up to 30,000, respectively, meanwhile, keeping the ratio as 1:1 and adjusting all the picture sizes as 224 × 224.

We chose to use the pretrained InceptionV3 deep CNN from the ImageNet data set for the transfer learning and, meanwhile, the replacement of the fully connected layer, the SoftMax layer and classification output layer of InceptionV3. Then, the classification output layer was set up into two classes to generate the novel network model. The optimized algorithm uses the stochastic gradient descent method, and the hyperparameters of the model were set as follows: the initial learning rate was 0.001, the batch size was 128, the maximum epoch was 100, and the dropout probability was 0.5.

Furthermore, in this study, as for the AI analysis methods, the target areas were also preprocessed such as noise reduction, and enhancement/refinement for images, which improved the stability of AI interpretations, as well as the improvements in sensitivity, specificity, and accuracy. This research suggested that the differential diagnosis of NLM and malignant breast tumors by both the deep learning–based AI automatic classification system and the senior physicians with rich working experience showed high consistency with postoperative pathological diagnosis results. In contrast, the interpretation results from physicians with intermediate-aged working experience showed relatively lower consistency. When the threshold value was set as 0.5, the accuracy, sensitivity, and specificity of the model diagnosed by the deep learning–based AI automatic classification system were 85.33%, 83.00%, and 87.20%, respectively, and the AUC was 92.6. Both were close to the senior physicians [accuracy 87.35%, sensitivity 86.27%, and specificity 87.89%] and higher than those of middle-aged physicians [accuracy 76.92%, sensitivity 84.71%, and specificity 73.95%]. Since all the diagnostic results were compared with the pathological gold-standard diagnostic results, the consistency of kappa values between the middle-aged physicians/senior physicians/AI diagnosis and the pathological results was 0.53/0.72/0.71. The diagnostic efficiency of senior physicians/AI was significantly higher than that of the middle-aged physicians’ results. For junior physicians, the introduction of AI-assisted diagnostic reading function in the future will help improve the accuracy of diagnosis, and AI-assisted diagnosis prompts provide feasibility for the rapid ability improvement of junior physicians in the future. If the clinical application of the deep learning AI automatic classification system technology for joint diagnosis will significantly improve the diagnostic efficiency of middle-aged sonographers, it is suitable for the training of ultrasound residents and shortens the training period; it is suitable for the primary screening of nodules in physical examinations. It avoids missed diagnosis and unnecessary needle biopsy and reduces the risk of overdiagnosis; it can also greatly reduce the workload of clinicians, make hospitals of different levels achieve homogeneity, and improve the differential diagnosis rate of non-lactation mastitis and malignant breast tumors.



Limitations

This study has several limitations: the amount of data in this study is small, the AI ​​automatic classification system does not have a large amount of data for in-depth research, and the results may have certain bias and error, which requires multicenter and large-scale research verification. Currently, the latest version only processes and analyzes static gray-scale ultrasound images and cannot perform an intelligent diagnosis of breast nodule elastography, color Doppler flow imaging, and other multimodalities; the real-time dynamic comprehensive scanning of ultrasound helps. However, the AI ​​automatic classification system technology can only analyze static ultrasound images, and the ultrasound characteristics of different sections of the same lesion are not completely consistent, which will affect the diagnostic results. Future research trends will focus on actively building open databases, optimizing the features of small data sets (fine annotation) on the basis of big data, and developing multimodal ultrasound AI that can effectively analyze dynamic videos, color Doppler images, and elastic images. It is a diagnostic tool that uses digital image processing technology to mark the ultrasound images accordingly and utilizes mammography, MRI, and pathological multimodal joint diagnosis to further improve the diagnostic performance, help clinicians deal with clinical problems more fully and freely, and provide breast imaging. The development of diagnostic disciplines provides new impetus and also shows the broad prospects of intelligent medical imaging in the future.



Conclusions

The deep-learning based AI automatic classification system is expected to become a reliable auxiliary way to distinguish NLM and malignant breast tumors due to its high sensitivity, accuracy, and specificity.
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Abstract

Background and purpose: Machine learning (ML) is applied for outcome prediction and treatment support. This study aims to develop different ML models to predict risk of axillary lymph node metastasis (LNM) in breast invasive micropapillary carcinoma (IMPC) and to explore the risk factors of LNM.



Methods

From the Surveillance, Epidemiology, and End Results (SEER) database and the records of our hospital, a total of 1547 patients diagnosed with breast IMPC were incorporated in this study. The ML model is built and the external validation is carried out. SHapley Additive exPlanations (SHAP) framework was applied to explain the optimal model; multivariable analysis was performed with logistic regression (LR); and nomograms were constructed according to the results of LR analysis.



Results

Age and tumor size were correlated with LNM in both cohorts. The luminal subtype is the most common in patients, with the tumor size <=20mm. Compared to other models, Xgboost was the best ML model with the biggest AUC of 0.813 (95% CI: 0.7994 - 0.8262) and the smallest Brier score of 0.186 (95% CI: 0.799-0.826). SHAP plots demonstrated that tumor size was the most vital risk factor for LNM. In both training and test sets, Xgboost had better AUC (0.761 vs 0.745; 0.813 vs 0.775; respectively), and it also achieved a smaller Brier score (0.202 vs 0.204; 0.186 vs 0.191; 0.220 vs 0.221; respectively) than the nomogram model based on LR in those three different sets. After adjusting for five most influential variables (tumor size, age, ER, HER-2, and PR), prediction score based on the Xgboost model was still correlated with LNM (adjusted OR:2.73, 95% CI: 1.30-5.71, P=0.008).



Conclusions

The Xgboost model outperforms the traditional LR-based nomogram model in predicting the LNM of IMPC patients. Combined with SHAP, it can more intuitively reflect the influence of different variables on the LNM. The tumor size was the most important risk factor of LNM for breast IMPC patients. The prediction score obtained by the Xgboost model could be a good indicator for LNM.





Keywords: machine learning, SHAP, IMPC, nomogram, lymph node metastasis



Introduction

Invasive micropapillary carcinoma (IMPC), a special subtype of invasive breast cancer, was classified as a new histological type by the World Health Organization (WHO) in 2003 (1). Since Fisher et al. (2) first reported invasive papillary carcinoma with morula-like morphologic changes in 1980, there have been different reports on the pathological diagnostic criteria of IMPC. In all invasive breast cancers, the reported incidence of IMPC varies greatly from 2.0% to 8.0% (1), which is mainly because IMPC is most often part of invasive ductal carcinoma morphology, rather than the entirety of cancer.

Unlike invasive ductal carcinoma, patients with IMPC have a higher incidence of lymph node metastasis (LNM) and a shorter survival time (3–5). It has been known that LNM is correlated with a worse prognosis for breast cancer patients (6). Preoperative assessment of axillary lymph node metastasis can help physicians to implement some interventions such as neoadjuvant chemotherapy in advance, so that patients could benefit from individualized regimens. Regrettably, only core needle biopsy can provide the most direct evidence of lymph node metastasis, but it is expensive and time-consuming. Therefore, it is vital to develop an accurate and convenient model to evaluate the status of axillary lymph node metastasis.

Recently, Ye et al. constructed a nomogram to predict preoperative lymph node involvement of breast IMPC (7), but this LR-based model can only give low area under curve (AUC) of 0.735. Besides, the absence of external validation and the comparison of different models limit the application of the nomogram model. For the past few years, machine learning (ML) has drawn wide attention and has been applied to solve various medical problems, including outcome prediction and treatment support (8–10). Although ML has also been used to predict axillary lymph node metastasis in breast cancer (11, 12). it has not been used in IMPC. Besides, even with huge samples, these ML models lacked concrete explanations and intuitional understanding, limiting their wider applications. To solve the problem, SHapley Additive exPlanations (SHAP) framework, which was firstly proposed by Lundberg et al. (13) and is able to evaluate the contribution of each explanatory variable in any ML models (14), was introduced into this study.

This study aims to develop different ML models to predict axillary lymph node metastasis of breast IMPC and compare the predictive ability of different models. Furthermore, the SHAP framework was applied to intuitively explain the performance of the optimal model. Besides, the risk factors of LNM were also been explored.



Methods and patients


Patient selection

In this retrospective analysis, a total of 1405 patients diagnosed with breast IMPC ((ICD-O-3 8507) from Surveillance, Epidemiology, and End Results (SEER) database from 2010 to 2015 were incorporated for ML models construction; and 142 patients diagnosed with breast IMPC from Harbin Medical University Cancer Hospital between 2010-2015 were included for the external validation of the optimal ML model. In every state of the United States, cancer is a reportable disease, so no informed patient consent was required to release the SEER database. The ethics committee of Harbin Medical University Cancer Hospital approved this study. It complies with the World Medical Association Declaration of Helsinki in 1964 and subsequently amended versions. An informed consent form was signed prior to undergoing treatment.

Inclusion criteria (1): pathologically confirmed breast IMPC ((ICD-O-3 8507) (2); unilateral breast IMPC (3); patients diagnosed between 2010-2015; and (4) all patients in the external validation cohort underwent surgery in our hospital.

Exclusion criteria (1): bilateral, single primary breast IMPC; and (2) breast subtype record not available or unknown.

The flow chart for patient selection is shown in Figure S1.



Study outcome

The primary endpoint of this study was axillary lymph node metastasis. If the pathologist examines one or more axillary lymph nodes to be positive, then the axillary lymph node metastasis is confirmed.



Feature selection and data preprocessing

The method of KNNImputer was applied to variables with a missing age percentage of less than 30% (15). Features statistically correlated with LNM in univariable analysis were selected to develop ML models (Table 1). Notably, because the external validation cohort lacked male samples, gender features were excluded for model stability. Besides, other features, including estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor2 (HER-2) and laterality (16–20), which had been proved to be related with LNM, were incorporated for model construction.


Table 1 | Clinical and pathological characteristics of different cohorts.





The development of ML models

We introduced seven ML algorithms using clinical and pathological data to predict axillary LNM, and these algorithms are LR, support vector machine (SVM), k-­nearest neighbor (KNN), random forest (RF), Light Gradient Boosting Machine (lightGBM), adaptive boosting (AdaBoost) and extreme gradient boosting (XGBoost). LR models are commonly used to study the impact of trait variables on a binary classification variable (21). Based on hyperspace, SVM is often used to classify things with multidimensional properties into two categories (22). The KNN system, one of the most commonly used nonparametric classification techniques, works on the premise that if the k-nearest samples in the vicinity of a sample mostly belong to a certain class in the feature space, they must also belong to the same category (23). A classifier that uses multiple trees for training and predicting samples is known as the RF, which reduces training variance and improves integration and generalization (24). The Microsoft LightGBM is an ensemble algorithm that implements gradient boosting efficiently (25). AdaBoost, a powerful ensemble method, is an ensemble of weak learners that improves generalization ability (26). XGBoost is a machine learning technology that can efficiently and flexibly process missing data and build accurate prediction models with weak prediction models (27). All the patients were randomly divided into two groups (training set and test set) in a ratio of 7:3. The ML model hyperparameters are optimized with ten-fold CV grid search. The training set was applied to construct ML models. The test set cohort was applied to evaluate the performance of different ML models. In order to avoid over-fitting and improve the prediction ability of the model, the hold-out method was applied. External validation cohort was used to validate the performance of the optimal ML model (Figure 1).




Figure 1 | Flow chart for the development, explanation and validation of models.





The interpretability of optimal ML model

ML models are often regarded as ‘black boxes’ because it is difficult to explain why they can accurately predict the special cohort of patients. Therefore, we bring in the SHAP value to determine the optimal ML model in this research. SHAP is a new method to explain the contribution of different variable in any ML models (14). Its interpretability performance had been validated in many cancers (28–31). In contrast to other methods, the SHAP method is based on sound theoretical groundwork, providing both local and global interpretability (32). We used SHAP values to assess the probability of LNM of whole cohort or an individual.



Statistical analysis

All the analysis were conducted by R software version 4.1.3 (forestmodel and dplyr packages) and python version 3.9.7 (scikitplot, sklearn, matplotlib.pyplot, lightgbm, xgboost, sklearn.neighbors, sklearn.svm, numpy, and shap packages).

Frequencies and percentages (%) were applied to describe categorical variables, while the chi-squared test or Fisher’s exact test was applied to assess differences. The median and mean values of continuous variables were presented with the interquartile range (IQR) and standard deviation (SD). The AUC was applied to compare the performance of each ML model. The Brier score (33) was applied to evaluate the calibration of each ML model. The best cut-off value was determined by Youden’s index. Multivariable analysis was conducted by LR. A nomogram was established on the basis of multivariate analysis, and a graphic analysis was performed on the differences between actual and predicted probabilities obtained by the nomograms. P<0.05 was deemed statistically significant.




Results


The baseline of breast IMPC patients

The SEER cohort included 1405 breast IMPC patients, 718 (51.1%) of whom suffered from LNM, the external validation cohort covered 142 breast IMPC patients, 95 (66.9%) of whom suffered from LNM, and most patients were female and belonged to luminal subtype in both cohorts. Besides, the patients among the SEER cohort and external validation cohort who belonged to ER accounted for respectively 90.9% and 97.9%, the ones belong to PR accounted for respectively 80.5% and 88.0%, while those diagnosed with HER-2 positive were 306 (21.8%), and 20 (14.1%), respectively.

The association between age and tumor size with LNM was observed in both cohorts (P <0.05). The relation between sex and LNM was confirmed in SEER cohort, while remaining untouched in external validation cohort because of the limited samples. (Table 1)



The predictive ability of different ML models

AUC and Brier score were adopted to compare seven ML models, revealing that model Xgboost outperformed with the biggest AUC of 0.813 (95% CI: 0.7994 - 0.8262; Figure 2A), the calibration curve (the red line) that was closest to the perfectly calibrated curve (the black line), and the smallest Brier score of 0.186 (95% CI: 0.799-0.826; Figure 2B). Therefore, model Xgboost was selected to predict LNM of IMPC.




Figure 2 | The perfomance comparison of different machine learning models in predicting lyph node metastasis. The receiver operating characteristic curves (A) and calibration curves (B) of different models.





The visualization of feature importance

SHAP was adopted to evaluate the effect of these selected variables on the LNM of IMPC, and to explain such variables. The feature importance of variables was ranked through the mean (|SHAP value|), and the tumor size stood out (Figure 3A). Figure 3B illustrated their detailed impact on LNM. The SHAP value (x-axis) referred to how the value or status of different variables influenced the LNM in the model, while the feature value (y-axis) the change of a certain variable. A bigger tumor size and smaller age increased the risk of LNM, while the status of ER, HER-2, PR and laterality exerted limited impact.




Figure 3 | The interpretation of optimal model (Xgboost). (A): The importance ranking of different variables according to the mean (|SHAP value|); (B): The importance ranking of different risk factors with stability and interpretation using the optimal model. The higher SHAP value of a feature is given, the higher risk of lymph node metastasis the patient would have.The red part in feature value represents higher feature value.





Molecular subtype-based analysis

Tumor size and age served as important risk factors for LNM in different molecular subtype of breast IMPC. ER status was the third important risk factor for LNM in luminal A, HER-2 OE, and TNBC subtypes, while HER-2 was the third in luminal B subtype. (Figure 4)




Figure 4 | Variable importance in ML classification for Luminal A (A, n = 1042), Luminal B (B, n = 242), HER-2 overexpression (C, n = 64) and TNBC (D, n=57).





Individualized prediction

Based on the SHAP value, the risk of LNM in each patient was calculated. Two classical patients, including a 57-year-old without LNM and a 72-year-old with LNM, were explored to interpret the optimal model (Figure 5). The waterfall plot demonstrated the impact of variables on LNM, in which the red arrow indicated the increased risk, while the blue arrow the decreased risk. The SHAP value was calculated by combining the effects of variables, which corresponded to the prediction score. The non-LNM patient (Figure 5A) performed a low SHAP value (-0.382) and prediction score (0.405529), and the LNM patient (Figure 5B) exhibited a high SHAP value (1.26) and prediction score (0.778945).




Figure 5 | The interpretation of model prediction results with the two samples. A patient with no lymph node metastasis (A). A patient with lymph node metastasis (B).





The multivariable logistic regression analysis

The Xgboost model was applied to predict LNM in the test set. All patients were divided into high and low risk groups according to the best cut-off value (0.42) determined by the Youden’s index (Figure 6). The unadjusted LR analysis found that patients in the high-risk group were more prone to LNM (unadjusted OR:8.86, 95% CI: 5.71-13.99, P<0.001). Despite the adjustment of the five most influential variables (tumor size, age, ER, HER-2, and PR), prediction score was correlated with LNM (adjusted OR:2.73, 95% CI: 1.30-5.71, P=0.008; Figure 7).




Figure 6 | Categorization threshold of Prediction score.






Figure 7 | The multivariable logistic regression analysis for LNM prediction.





The external validation for the predictive model

The Xgboost model, which outperformed in stability and accuracy compared with other ML models, was assessed by employing 142 breast IMPC samples from our hospital, so as to further identify its accuracy and stability. The result demonstrated that the model achieved a big AUC of 0.700 (95% CI: 0.682 - 0.72; Figure 8A), and a low Brier score of 0.220 (95% CI: 0.216-0.225; Figure 8B).




Figure 8 | The external validation based on Xgboost model. The AUC curve (A) and calibration curve (B) 1n external validation cohort.





The performance of comparison of Xgboost and nomogram (LR) model

A nomogram was constructed in train set, test set, and external validation cohort, respectively, according to LR modes (Figure S2). All three nomograms based on clinical and pathological variables performed favorably. Nevertheless, the model Xgboost exhibited a bigger AUC in training (0.761 vs 0.745) and test sets (0.813 vs 0.775) compared with the LR model. The AUCs of these two models were similar (0.700 vs 0.703) in external validation cohort. Besides, Brier Score of Xgboost was smaller in these three sets (0.202 vs 0.204; 0.186 vs 0.191; 0.220 vs 0.221; respectively; Table 2).


Table 2 | The comparison of Xgboost and nomogram (LR) model.






Discussion

As a special subtype of breast cancer, IMPC cells was susceptible to invasion and metastasis because of special growth pattern and histological morphology induced by polarity reversal (34). Compared to breast invasive ductal carcinoma (IDC), breast IMPC had higher LNM rate and worse survival outcome (4, 35–37). Given the close association between LNM and survival outcome, a tool that identifies LNM can help doctors in instituting heal project and timely adjusting the treatment program. This paper chose the best ML model Xgboost following the comparison of seven powerful ML models to predict LNM of breast IMPC, whose performance was validated in the test set and external validation cohort. Through the SHAP values and plots, the feature importance rank and contribution to LNM of risk factors were intuitively demonstrated. Besides, the prediction score based on Xgboost was proved to be an independent predictive factor for LNM.

Nassar et al. found no significant differences in lymph node status, ER status, tumor size, grade, or lymph vascular invasion between tumors with different invasive micropapillary components (5). In addition, the difference of survival outcome between IMPC and IDC with similar stage was negligible. Therefore, despite their worse survival outcome than IDC patients, IMPC patients follow IDC treatment protocols, the current standard of care (38).

The correlation between LNM and worse survival time of breast cancer patients is known (6). Breast cancer patients with LNM underwent axillary lymph node dissection (ALND) in the past. The results of ACOSOG Z0011 (Alliance) Randomized Clinical Trial, however, indicated the similar 10-year overall survival between patients treated with ALND and those treated with sentinel lymph node dissection (SLNB) alone in T1 or T2 stage with 1 or 2 SLN metastasis (39), which explained the current wide application of SLNB for early operable invasive breast cancer patients with negative clinical lymph node. Nevertheless, it was still controversial if SLNB was suitable for breast IMPC (40). The information about the status of axillary lymph node facilitated doctors in developing an individualized treatment plan, thus avoiding overtreatment or undertreatment, which highlighted that the management of axillary lymph node deserved more attention.

In response, Ye and his team developed a nomogram to predict preoperative lymph node involvement for breast IMPC patients (7), and propose nomogram as a good tool for LNM prediction. Their study based on SEER database, however, lacked external validation and the comparison of model performance. Actually, the performance comparison between nomogram and ML models had been conducted in different disease. Rasheed et al. proved the higher accuracy of boosted decision tree than nomogram in predicting overall survival among patients with tongue cancer (41), and Thara and his team demonstrated the bigger AUC of random forest classifier model than nomogram in predicting intracranial injury following cranial CT of the brain (42), which unfortunately were also short of external validation and intuitive explanation to the model.

Previous studies took that most breast IMPC were ER positive (72%-75%), almost half were HR positive, and patients with HER-2 positive ranged from 10%-30% (43–45). In this paper, the proportion of patients in the SEER cohort and external validation cohort with ER positive was 90.9% and 97.9%, respectively, that with PR positive was respectively 80.5% and 88.0%, while that with HER-2 positive was respectively 21.8% and 14.1%, which shared the results of the above studies, and verified the stability and reliability of the samples adopted. Training set was adopted to develop the ML models, and the ability of optimal model Xgboost and nomogram in test set and external validation cohort was compared, demonstrating the bigger AUC of model Xgboost in training (0.761 vs 0.745) and test sets (0.813 vs 0.775), and the smallest Brier Score of Xgboost in three sets (0.202 vs 0.204; 0.186 vs 0.191; 0.220 vs 0.221; respectively; Table 2). The AUC of Xgboost was slightly less than that of LR model (nomogram) in external validation cohort, which came down to small sample and racial difference (all patients in external validation cohort were Chinses while most patients in training and test sets came from US), but the Xgboost was still a better model than nomogram based on LR. Meanwhile, instead of nomogram which only showed the score of each variable in predicting LNM, SHAP was adopted in the paper to visually demonstrate the contribution of each variable. The SHAP plots intuitively displayed the increased or decreased contribution of each variable to LNM, and the bigger SHAP value indicated higher probability of LNM. In addition, SHAP values indicated the feature importance rank of each variable, and tumor size was the most influential risk factor for LNM. The feature importance of each variable in different molecular subtype was also compared, revealing tumor size to be the most important one. Instead, the application of nomogram failed to rank the importance of features, which validated the better practicability and predictive ability of model Xgboost. The contribution of prediction score was also evaluated based on Xgboost. After adjusting for confounding factors, prediction score was significantly associated with LNM, and patients in high prediction score group had higher risk for LNM. ML model was generally a better tool than nomogram based on LR in predicting LNM of breast IMPC patients.

Despite being the first to predict LNM of breast IMPC patients using ML models and compare its performance with nomogram based on LR to the authors’ knowledge, this study was limited in the following aspects. Firstly, a prospective analysis was required to further identify the performance of Xgboost model even for the paper, a multicenter retrospective analysis. Secondly, the huge samples from SEER database could not make up for its limited clinical and pathological information, which required a cohort including more details of breast IMPC patients. Besides, the XGBoost model combined with more features (like Grade) could train more useful information about LNM, so as to promote its performance, which consolidated its clinical advantages compared with LR model. Thirdly, the clinical application of the ML model constructed based on SEER database was limited due to the highly homogenous feature of IMPC, a rare subtype of invasive breast cancer. Therefore, a larger sample contained different histological types of breast cancer, like breast invasive ductal cancer, was needed to expand the clinical practicability of the best ML model.



Conclusions

The ML models, especially Xgboost, outperformed traditional LR-based nomogram model in predicting LNM of breast IMPC patients. The combination of Xgboost and SHAP intuitively reflected the influence of different variables on LNM, and the tumor size was the most important risk factor of LNM for breast IMPC patients. In addition, the prediction score derived from Xgboost model served as a good indicator for LNM.
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Background

Continuous contrast-enhanced ultrasound (CEUS) video is a challenging direction for radiomics research. We aimed to evaluate machine learning (ML) approaches with radiomics combined with the XGBoost model and a convolutional neural network (CNN) for discriminating between benign and malignant lesions in CEUS videos with a duration of more than 1 min.



Methods

We gathered breast CEUS videos of 109 benign and 81 malignant tumors from two centers. Radiomics combined with the XGBoost model and a CNN was used to classify the breast lesions on the CEUS videos. The lesions were manually segmented by one radiologist. Radiomics combined with the XGBoost model was conducted with a variety of data sampling methods. The CNN used pretrained 3D residual network (ResNet) models with 18, 34, 50, and 101 layers. The machine interpretations were compared with prospective interpretations by two radiologists. Breast biopsies or pathological examinations were used as the reference standard. Areas under the receiver operating curves (AUCs) were used to compare the diagnostic performance of the models.



Results

The CNN model achieved the best AUC of 0.84 on the test cohort with the 3D-ResNet-50 model. The radiomics model obtained AUCs between 0.65 and 0.75. Radiologists 1 and 2 had AUCs of 0.75 and 0.70, respectively.



Conclusions

The 3D-ResNet-50 model was superior to the radiomics combined with the XGBoost model in classifying enhanced lesions as benign or malignant on CEUS videos. The CNN model was superior to the radiologists, and the radiomics model performance was close to the performance of the radiologists.





Keywords: breast cancer, contrast enhanced ultrasonography (CEUS), machine learning, convolutional neural network (CNN), radiomics



Introduction

Contrast-enhanced ultrasound (CEUS) is the latest and most important technology in the field of ultrasound imaging (1). Using microbubbles, it obtains detailed information about the tumor blood supply and provides dynamic perfusion information in real time with few application limitations (2, 3). Different from the relatively mature static image radiomics studies, there are technical difficulties in applying static image radiomics analysis methods to video analysis with a length of more than 1 min (4). Given that the practice of medicine is constantly evolving in response to new technology, there is interest in using the latest imaging methods to obtain data for radiomics learning (5, 6).

CEUS is one of the most advanced techniques in clinical tumor treatments, ranging from early screening and differential diagnosis to treatment response evaluation (7). It is particularly useful for the detection and characterization of lesions and has been used in breast cancer diagnosis as a feasible alternative screening modality (1, 8). Breast cancer is the most common malignant cancer in women, and it has a high mortality rate; there were over 1.6 million cases in 2010, and 2.1 million cases are projected by 2030 (9–12). Therefore, early detection and treatment play important roles in reducing mortality rates.

Several studies have reported training a radiomics or convolutional neural network (CNN) architecture to automatically extract features from CEUS cine images. Among them, the application of deep neural networks that can extract continuous spatiotemporal information is quite rare. In this context, we extracted the spatiotemporal information of dynamic CEUS by using 3D-CNN models. We aimed to compare the diagnostic performance of radiomics combined with the ML model, the 3D-CNN model, and human-read interpretations based on CEUS video for the differentiation of benign and malignant breast lesions.



Materials and methods


Study design and patients

The study was approved by the ethical committee of the local institutional board and complied with the Declaration of Helsinki. Informed consent was waived for this retrospective research. Written informed consent was obtained from each participant. From April 2021 to November 2021, 123 patients with breast tumors who underwent CEUS examination were enrolled from The First Affiliated Hospital of Zhejiang Chinese Medical University in Hangzhou, China. From August 2018 to August 2021, 92 patients with breast tumors who underwent CEUS examination were enrolled from The Second Affiliated Hospital, Zhejiang University School of Medicine in Hangzhou, China.

The two centers used the same patient inclusion and exclusion criteria. The inclusion criteria were as follows: (a) each patient underwent pathological examination; (b) CEUS examinations were performed before surgery and prior to any treatment, including biopsy or neoadjuvant therapies; and (c) each patient had complete demographic information and clinical data. The exclusion criteria were as follows: (a) poor-quality CEUS cine (e.g., the entire tumor and surrounding breast parenchyma were not clearly displayed on the ultrasound image at the same time) and (b) extreme motion existed during CEUS examination. Finally, the CEUS cines of 190 patients acquired before treatment were analyzed.

There were 190 patient CEUS videos in our dataset, the tumors were classified as benign or malignant, and the dataset included 109 benign and 81 malignant lesions. A detailed flowchart of patient selection for the study is shown in Figure 1.




Figure 1 | Flowchart of patient enrollment.





CEUS data acquisition

CEUS was performed by two experienced radiologists (X-CJ and Z-ML). There were two different ultrasound instruments used in this study (Esaote MyLabTM Twice, Mindray Resona R9).

During the examination, breast tumors were imaged in the transverse plane of the largest tumor dimension. A single focus was always placed at the bottom of the image, and the selected plane remained unchanged. The probe was stabilized manually to ensure that no pressure was exerted to avoid weakening the contrast-enhanced signals. Patient movement was also avoided.

One-minute minimum continuous cine images were acquired after injecting 4.8 ml of the second-generation contrast agent (SonoVue, Bracco Imaging, Milan, Italy) via the elbow, followed by a 5-ml saline flush. Time was activated promptly from the beginning of the SonoVue injection.

The selected imaging plane remained unchanged during the examination. The whole CEUS cine process was recorded in an ultrasound workstation by using digital imaging and communication in medicine (DICOM) format. The recorded CEUS videos were used for further analysis.



Tumor segmentation and preprocessing

Tumors were manually segmented by a single radiologist (FC, with more than 20 years of experience in breast CEUS interpretation). For segmentation, the radiologist first reviewed the complete video to identify tumor boundaries. Then, we extracted a rectangular image with a fixed length–width ratio enclosing the nodule and its surrounding tissues, saved it in JSON format, kept it unchanged in the sequence, adjusted the image size to 160 × 160 pixels, and preprocessed it.

FFmpeg was used to cut the first 10 s and the last 5 s from the dynamic 1.0- to 2.0-min video data. The frame rate of the original data was between 15 and 30 frames/s. We tried to unify it into (15, 18, 21, 24, and 25) different frame rates. After selecting the 18 frames/s video, which had better results, we uniformly converted it into frame pictures.

We used a total of 107 CEUS for the training cohort and 26 CEUS for the validation cohort. A total of 57 CEUS videos were used for the test cohort. We split the dataset using sklearn (version 1.0.2) (13). The train_test_split function with parameter stratifies so that the benign/malignant proportion of training, validation, and test cohorts remains the same as the overall data. The data used in the test cohort were independent and were not used in the training and validation cohorts.



Radiomics feature extraction and model building

Features were extracted from the ROI using PyRadiomics (version 3.0.1) (14–16). Extracted texture features were calculated on the first-order statistics (19 features), gray-level cooccurrence matrix (24 features), gray-level run-length matrix (16 features), gray-level size-zone matrix (16 features), neighboring gray tone difference matrix (5 features), and gray-level dependence matrix (14 features). A detailed definition of all image features can be found online (http://pyradiomics.readthedocs.io/en/latest/features.html).

The minimum analysis time of a CEUS video is 1 min; a rate of 18 frames/s was applied for a total of 1,080 images. The difference between each picture is small and changes over time. According to expert experience, the degree of change over time should be more valuable for diagnosis. We have tried a variety of data sampling methods: all 60 s of data enter the follow-up; the mean value is taken every 10 s; the mean value is taken every 20 s; one frame is taken every 10 s; one frame is taken every 20 s; the differences between the above values and the 30th second frame are taken; and the differences between the above values and the 60th second frame are taken.

The XGBoost algorithm implements decision trees with a boosted gradient, enhanced performance, and a faster speed. It was applied to the super parameter setting process of gridsearchcv.



CNN model building

In the training cohort, data augmentation was performed by using random cropping, random rotations, flipping vertically or horizontally, and color jitter (17, 18).

To efficiently utilize the dynamic characteristics of the CEUS modality, multichannel convolution models that can learn the spatiotemporal characteristics of different enhancement models were considered. 3D-ResNet is a subgroup of CNN methods and is widely used in video analysis because it has good performance in dealing with both spatial and temporal features at the same time (19).

Pretrained 3D-ResNet on Kinetics-400 (https://arxiv.org/abs/1705.06950) is used for classification via transfer learning (20). To find the most suitable model for benign and malignant discrimination, 18-layer, 34-layer, 50-layer, and 101-layer ResNet models were fine-tuned. Clinical features and lesion size were not included as radiomics and CNN model parameters. The ResNet models were trained by performing Repeat-Stratified K-Fold validation (n_repeats = 10; K = 5) on the dataset to obtain more reliable generalization errors. The dataset was shuffled and equally divided into three cohorts. One was used as the test cohort to evaluate the trained model. Another cohort was further divided into a training set and a validation set according to 80%:20%.

The details of ROI segmentation and the flowchart of radiomics and CNN are shown in Figure 2. The following link can be accessed for additional code details: https://github.com/kenshohara/3D-ResNets-PyTorch.




Figure 2 | Illustration of ROI annotation in CEUS videos and the design of Radiomics and 3D-Resnet-50 models. (A) CEUS examinations were performed for each breast tumor. (B) An example of the yellow bounding box ROI drawn in one CEUS frame. (C) Schematic of radiomics combined with the XGBoost model. (D) A three-dimensional ROI (2D in space and 1D in time) of CEUS videos was fed into the 3D-Resnet-50 model to obtain the discriminative features by automatic feature learning. (E) The features obtained from the radiomics and 3D-Resnet-50 models are used to calculate the prediction probability. ROI, region of interest; CEUS, contrast-enhanced ultrasound; ResNet, residual network.





Reader study

All the digital cine clips of the study population were retrospectively reviewed by two different readers (X-PH and Z-HL, with 8 and 15 years of clinical experience, respectively). The readers were blinded to each other’s interpretations, to the original radiologist’s interpretations, and to the model’s assessment. None of the readers were involved in the CEUS examinations, and both were blinded to the clinical and other imaging information of the patients.

The two readers assessed the possibility of malignancy in CEUS cines based on the Breast Imaging Reporting and Data System (BI-RADS) and the reported BI-RADS categories per patient, which were 3, 4a, 4b, 4c, and 5. Then, the readers combined CEUS, grayscale US, and color Doppler flow imaging (CDFI) for classification in the same way.



Statistical analysis

All statistical analyses were performed using SPSS (Version 26.0, IBM Corporation, Armonk, USA) and R software (Version 3.4.1, R Foundation for Statistical Computing, Vienna, Austria). Student’s t-tests or the Mann–Whitney test, as appropriate, was used to compare continuous variables. The chi-square test was used to compare categorical variables. A p-value less than 0.05 was considered statistically significant.

To evaluate the predictions of the three different methods (the radiomics, CNN, and radiologist methods), receiver operating characteristic (ROC) curves were constructed. The areas under the ROC curve (AUCs) with 95% confidence intervals (CIs), sensitivity, specificity, accuracy, and F1 score were investigated.




Results


Clinical characteristics

A total of 190 female patients with breast tumors were enrolled for analysis, namely, 109 with benign breast tumors and 81 with malignant tumors, and were divided into two groups. The baseline characteristics of all patients and breast tumors (including age, pathological findings, and US BI-RADS category) are presented in Table 1.


Table 1 | Characteristics of patients and images.



The final diagnosis included 109 (57.4%) benign and 81 (42.6%) malignant breast lesions (Table 2). Malignant lesions were larger than benign lesions on US, and patients with malignant lesions were significantly older than those with benign lesions. The results showed that the differences between all clinical factors (including age, size, and BI-RADS category) of the patients with benign and malignant tumors were statistically significant (p < 0.05).


Table 2 | Histopathology of breast lesions.





Radiologist diagnosis results

The ROC curves (Figure 3) showed that the prediction performance of the senior radiologist (radiologist 1) was better than that of the junior radiologist (radiologist 2), and the AUC values were 0.75 and 0.70, respectively (Table 3). Comparing radiologist diagnoses before and after combining CEUS with grayscale US and CDFI, p-values for AUC were not statistically significant (p > 0.05).




Figure 3 | Receiver operating characteristic (ROC) curves of the two radiologists compared with the 3D-Resnet-50 model and radiomics combined with the XGBoost model with three different data sampling methods in the test cohort.




Table 3 | Comparison of the predictive performance in 3D-Resnet 50, radiomics, and radiologists in the training, validation and test cohort.





Performance of the radiomics models

The best XGBoost algorithm had the following parameters: learning_rate = 0.02, subsample = 1, min_child_weight = 1, n_estimators = 148, gamma = 0.1, max_depth = 3, and colsample_bytree = 1.

In the radiomics model of XGBoost Group e4c2, the difference between the frames every 20 s and the frame at the 60th second is taken by using RepeatS Stratified 5-Fold validation in the training and validation cohorts. In the training cohort, after 28 epochs, the max mean AUC was 1.00 (Figure 4A). In the validation cohort, after 28 epochs, the max mean AUC was 0.74 (Figure 4B).




Figure 4 | Radiomics (A) and 3D-Resnet-50 (C) Repeated Stratified 5-Fold AUC in the training cohort; Radiomics (B) and 3D-Resnet-50 (D) Repeated Stratified 5-Fold AUC in the validation cohort. The epochs are depicted on the x-axis, each representing the process of training all training samples once. The thick blue curve represents the mean AUC value. The blue area represents the 95% confidence interval (CI). The red fork represents the maximum mean of the AUC value after repeating multiple epochs.



Among various data packets, the best result is obtained when the differences between the frames at every 10 s and the frame at the 30th second are taken (group e3d, test cohort sensitivity: 77.4%, specificity: 66.7%, accuracy: 65.5%, F1 score: 0.68, AUC: 0.75). The worst result is obtained when the difference between the frames every 20 s and the frame at the 60th second is taken (group e4c2, test cohort sensitivity: 54.8%, specificity: 75.0%, accuracy: 60.0%, F1 score: 0.66, AUC 0.61) (Table 2).



Performance of the 3D-ResNet models

The 3D-ResNet-50 with the best classification effect is selected. The hyperparameters of 3D-ResNet-50 were learning_rate = 1e-4, weight_decay = 1e-5, momentum = 0.9, ft_begin_module = layer1, sample_size = 136, sample_duration = 108, n_epochs = 30, and batch_size = 8. Details of the network architecture are provided in https://github.com/kenshohara/3D-ResNets-PyTorch.

In the 3D-ResNet-50 model, repeat-stratified fivefold validation was used in the training and validation cohorts. In the training cohort, after 30 epochs, the max mean AUC was 0.85 (Figure 4C). In the validation cohort, after 29 epochs, the max mean AUC was 0.82 (Figure 4D).

In the test cohort, the 3D-ResNet-50 algorithm achieved sensitivity, specificity, accuracy, F1 score, and AUC values of 70.8%, 85.9%, 76.0%, 0.72, and 0.84, respectively. The AUC of the test cohort was the same as that of the training cohort.



AI system performance compared with the performance of the radiologists

The ROC curves of radiomics, 3D-ResNet-50, and radiologists in the test cohort are shown in Figure 3. The AUC of the 3D-ResNet-50 model was 0.84, which was significantly higher than that of both the radiomics and radiologist approaches. The NRI (Net Reclassification Index) of the 3D-ResNet-50 model compared with the radiomics models and radiologists was >0.

The best sensitivity and specificity results for the radiomics model were 77.4% and 66.7%, respectively. The sensitivity and specificity for senior radiologists were 74.3% and 74.1%, respectively. The sensitivity and specificity results for the junior radiologist were 66.0% and 71.6%, respectively (Table 2). The NRIs of the best radiomics model compared with the senior radiologist and junior radiologist were <0 and >0, respectively.

Decision curve analysis (DCA) was used to assess the clinical usefulness of the 3D-ResNet-50 model, radiomics model, and radiologists’ diagnosis in the test cohort (Figure 5). If the threshold probability was more than 7%, using the 3D-ResNet-50 model to predict malignancy added more benefit than either the treat-all scheme (assuming that all lesions were malignant) or the treat-none scheme (assuming that all lesions were benign). In addition, using the 3D-ResNet-50 model to predict malignancy added more benefit than using either radiomics or radiologists.




Figure 5 | Decision curve analysis (DCA) of the models and radiologists from the test cohort. The net benefit measured on the y-axis is determined by calculating the difference between the expected benefit and the expected harm associated with each proposed model. The red curve, green curve, orange curve, and blue curve represent the performance of the 3D-Resnet-50 model, the best XGBoost model, radiologist 1, and radiologist 2, respectively. The gray line represents the assumption that all lesions were malignant (the treat-all scheme). The black line represents the assumption that all lesions were benign (the treat-none scheme). If the threshold probability was more than 7%, using the 3D-Resnet-50 model to predict malignancy added more benefit than either the treat-all scheme or the treat-none scheme (dark black line).






Discussion

The diameters, volumes, shapes, and contrast-enhanced models of lesions usually described by radiologists based on diagnosis are called semantic features. They can be generated by algorithms that capture imaging data patterns, such as first-order, second-order, and high-order statistical determinants, shape-based features, and fractal features, which are called radiomics features. At present, the research hotspot of image analysis uses CNNs to extract the so-called “deep” feature phase in the training process, which is a very powerful nonlinear mapping. To distinguish CNNs from radiomics algorithms, the medical image task that uses CNNs to extract features is called deep learning radiomics (DL-radiomics) by some scholars. Most radiomics studies use less than 10 images per case, and 1-min CEUS videos have three times more data than static ultrasound images. To our knowledge, this is the first study to attempt to use the above three methods to interpret breast CEUS and evaluate whether CEUS can be used to classify benign and malignant breast lesions.

For the three different methods, we chose a relatively mainstream method combined with the analyzed data. Sufficient time was provided for the semantic analysis of the experts in reading the CEUS. The experts were invited to classify benign and malignant lesions and perform BI-RADS scoring. When processing video for more than 1 min, the conventional radiomics information extraction combined with machine learning classification method must contend with extracting effective information from more than 1,000 times the amount of data from static images. To extract effective information from the massive radiomics data in a video, we referred to the clinical significance (biological underpinnings) and attempted to analyze the difference in the radiomics data at different time points. Data combinations were selected from a variety of time differences. XGBoost, a classical and effective machine learning classification method, was selected, as CNNs can handle a large number of images. We transformed 1 min of video (18 frames/s) into 1,080 pictures, all of which were entered into the follow-up analysis. To obtain the spatiotemporal information of dynamic CEUS and the total amount of data used in this study, we chose to use the 3D-ResNet model for transfer learning.

Our department performs a large number of traditional breast ultrasonography examinations; thus, these radiologists have gained rich experience in interpreting breast ultrasonography images. However, the diagnostic accuracy of radiologists in CEUS video diagnosis is relatively low, with poor CEUS diagnosis consistency among different radiologists, indicating that the human eye has low specificity when observing contrast images in breast lesions (21, 22). Making accurate qualitative cancer diagnoses using ultrasound is still a challenge for radiologists.

The same situation appears in radiomics analysis, which shows that careful selection of image types is very important for obtaining meaningful results. The AUC value we obtained was between 0.65 and 0.75, which is similar to that of human experts. The optimal radiomics analysis in our study involved the expert knowledge of radiologists and data scientists.

Our study with the 3D-ResNet-50 model for predicting breast cancer yielded satisfactory performance, obtaining an AUC of 0.84 on the test cohort. The CEUS-based 3D-ResNet-50 model had excellent performance in identifying benign and malignant breast lesions. Consistent with computer vision trends, CNN spatiotemporal features can help better process video data from CEUS.

In this study, we analyzed the performance of the ML-radiomics method on CEUS videos and found that it exceeded the recognition ability of the human-eye approach. The promising results in this study were attributed to the advantages of the standardized CEUS acquisition criteria and the acquisition of samples from a multicenter database, which created good conditions for our follow-up analysis and made our results more authentic and reliable.

Our work has several limitations.

First, comparing radiologist diagnoses before and after combining CEUS with grayscale US and CDFI, the p-values for the AUC were not statistically significant. However, given the scientific nature of research, we should repeat this process for the radiomics and CNN models.

Additionally, a larger cohort of subjects should be included to ensure that the varying perfusion patterns of specific breast lesions can be captured, thus further improving the prediction accuracy and reducing the risk of overfitting.



Conclusion

Our 3D-ResNet-50 model showed excellent diagnostic performance in differentiating between benign and malignant breast lesions compared with the radiomics combined with the XGBoost model and human readers on CEUS. DL-radiomics may have better results than mathematic-radiomics in the analysis of ultrasonic dynamic images.
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Purpose

Radiation-induced dermatitis is one of the most common side effects for breast cancer patients treated with radiation therapy (RT). Acute complications can have a considerable impact on tumor control and quality of life for breast cancer patients. In this study, we aimed to develop a novel quantitative high-accuracy machine learning tool for prediction of radiation-induced dermatitis (grade ≥ 2) (RD 2+) before RT by using data encapsulation screening and multi-region dose-gradient-based radiomics techniques, based on the pre-treatment planning computed tomography (CT) images, clinical and dosimetric information of breast cancer patients.



Methods and Materials

214 patients with breast cancer who underwent RT between 2018 and 2021 were retrospectively collected from 3 cancer centers in China. The CT images, as well as the clinical and dosimetric information of patients were retrieved from the medical records. 3 PTV dose related ROIs, including irradiation volume covered by 100%, 105%, and 108% of prescribed dose, combined with 3 skin dose-related ROIs, including irradiation volume covered by 20-Gy, 30-Gy, 40-Gy isodose lines within skin, were contoured for radiomics feature extraction. A total of 4280 radiomics features were extracted from all 6 ROIs. Meanwhile, 29 clinical and dosimetric characteristics were included in the data analysis. A data encapsulation screening algorithm was applied for data cleaning. Multiple-variable logistic regression and 5-fold-cross-validation gradient boosting decision tree (GBDT) were employed for modeling training and validation, which was evaluated by using receiver operating characteristic analysis.



Results

The best predictors for symptomatic RD 2+ were the combination of 20 radiomics features, 8 clinical and dosimetric variables, achieving an area under the curve (AUC) of 0.998 [95% CI: 0.996-1.0] and an AUC of 0.911 [95% CI: 0.838-0.983] in the training and validation dataset, respectively, in the 5-fold-cross-validation GBDT model. Meanwhile, the top 12 most important characteristics as well as their corresponding importance measures for RD 2+ prediction in the GBDT machine learning process were identified and calculated.



Conclusions

A novel multi-region dose-gradient-based GBDT machine learning framework with a random forest based data encapsulation screening method integrated can achieve a high-accuracy prediction of acute RD 2+ in breast cancer patients.





Keywords: Breast cancer, radiation therapy, radiation-induced skin toxicity, machine learning, radiomics, gradient boosting decision tree



1 Introduction

Surpassing lung cancer as the leading cause of global cancer incidence, breast cancer accounted for 11.7% of all new cancer cases with 685,000 deaths, ranking the fifth leading cause of cancer mortality worldwide in 2020 (1). Most patients with breast cancer are treated with surgery (e.g., lumpectomy or mastectomy) followed by radiation therapy (RT) on the residual ipsilateral breast or chest wall, with alternative dose boost to the tumor bed and/or regional lymph node irradiation applied (2–4). Treatment-induced acute skin toxicity (i.e., acute radiodermatitis) with a different degree, ranging from erythema to desquamation (dry or moist), ulceration, and necrosis, is one of the most common acute side effects of RT underwent by breast cancer patients, with approximately 90% of treated patients experiencing erythema and 30% experiencing moist desquamation (5–8). Such acute skin toxicity negatively affects multiple aspects of quality of life (QOL) of breast cancer radiotherapy patients, such as physical discomfort, emotional distress, and body image disturbance, and so on (9).

The acute skin reactions are prone to progress during the treatment and remain after completion of the treatment. In addition, severe acute reactions may be prodromal of subsequent late effects (10), and the RT schedule might be changed or even terminated due to these negative reactions. Therefore, early prediction of acute radiodermatitis when formulating a radiation therapy regimen could potentially reduce the risk of skin toxicity. Furthermore, early management of acute radiodermatitis in breast cancer patients can improve both day-to-day functioning and satisfaction with radiation treatment, and therefore QOL and outcome of patients.

Qualitative evaluation of acute skin toxicity mainly by visual inspection of the skin-related symptoms of breasts is subject to practitioner bias, variability in grading dermatitis as well as differentiating the severe dermatitis (e.g., moist desquamation) due to clinician expertise, and underreporting by patients (9, 11). Most importantly, this method detects early signs of dermatitis with low sensitivity and specificity. Based on the semi-quantitative analysis of clinical and dosimetric predictors of acute skin toxicity, the normal tissue complication probability (NTCP) models can be established to predict severe acute skin toxicity in breast cancer patients (10). However, the prediction performance was relatively poor with an area under the curve (AUC) as low as 0.77 (10).

To improve the prediction performance, quantitative early thermal imaging biomarkers were identified and used in machine learning frameworks (i.e., thermoradiomics) to build the predict model, and a high prediction accuracy (test accuracy = 0.87) on the independent test data at treatment fraction of 5 was achieved for predicting acute skin toxicity at the end of RT (12, 13). However, the prediction performance is not sufficient enough to be as an effective clinical decision support tool for intervention and management of dermatitis in breast cancer patients, probably due to the 2-D surface imaging with limited information provided rather than 3-D volume imaging with one more dimension information offered. The models built on 2-D surface thermal imaging constrain their usage for 3-D dose distribution optimization guidance. Furthermore, the extra usage of thermal imaging devices and additional procedures involved might increase the labor burdens in the breast radiation oncology clinic and reduce the patient throughput.

In this study, we investigated 3-D planning CT volume imaging and machine learning frameworks to develop a quantitative prediction tool for radiation-induced acute radiodermatitis in breast cancer patients before RT treatment. This multicenter retrospective study was performed using a novel 3-D dose-gradient-based multi-region radiomics technique with the data encapsulation screening method integrated. The gradient boosting decision tree (GBDT) algorithm was used to build the predictive model. We hypothesized that acute radiodermatitis is associated with the 3-D region-based characteristic radiomics signatures in breast cancer patients before RT.



2 Methods and materials


2.1 Patients and CT scans

This study retrospectively reviewed 256 patients with stage 0-IV breast cancer, who underwent post-surgery (i.e., lumpectomy, mastectomy, or breast reconstruction) intensity-modulated radiation therapy or volumetric modulated arc therapy RT with or without concurrent chemotherapy and/or Hormone therapy, at 3 cancer centers including our hospital from October 2018 to August 2021 under institutional review board approval. The patients received a prescription dose of whole breast and/or chest wall irradiation mainly using regimens of 50 Gy in 25 fractions or 42.5 Gy in 16 fractions with an optional boost of 10 Gy in 5 fractions to the tumor bed using the 6 MV photons. The patients were monitored for skin symptoms from the start of RT to at least 1 month after the completion of RT. A total of 214 patients (144 patients with ≥ 2 grade skin toxicity) were selected based on the exclusion criteria including (1) prior or subsequent RT to the chest, (2) previous skin disorder, (3) with dose boost using electron therapy, (4) male patients, (5) loss of clinical characteristics records. Informed consent from all the patients was obtained before the study. All study participates were graded for skin toxicity using Radiotherapy Oncology Group (RTOG), Common Terminology Criteria for Adverse Events (CTCAE) Ver. 4 (6, 7).

In our study, all patients underwent breathing training before radiotherapy; 88 of them with left-sided breast cancer were treated with deep inhalation breath-hold (DIBH) radiotherapy technique, and their CT scans were completed in breath-hold state. Other 126 of them with right-sided breast cancer underwent 4D-CT scans in free-breathing state. CT scans of the patients for treatment planning were mainly conducted using a Philips Brilliance Big Bore CT (Philips Medical Systems, Cleveland, OH, USA) 2 to 7 days before RT. The imaging parameters of the CT scans include voltage (120 kVp), tube current (325 mA or 375mA), exposure time (800 ms or 933 ms), pixel size (0.5×0.5 mm or 0.6×0.6 mm), slice thickness (5 mm), and image size (XY: 768×1024, Z: around 80). The Pinnacle (Philips Medical Systems, Andover, MA) or Eclipse treatment planning systems (Varian Medical Systems, Palo Alto, CA) were used for the calculation of the radiation dose distribution of contoured treatment volumes.

The planning CT scans and associated dose distributions of eligible patients were collected for data analysis and model building (Figure 1). Clinical characteristics of the patients include age, body mass index (BMI), body temperature, tumor laterality, tumor quadrant positions, pathological tumor size (e.g., tumor maximum diameter), tumor grade, tumor histology type, TNM stage, overall stage, CRP, ER, PR, HER-2, surgery method, chemotherapy, hormone therapy, etc. (Table 1).




Figure 1 | Schematic diagram of data analysis for machine learning in this study: Collection and analysis based on dosimetric factors (A), patient clinical factors (B), and radiomics factors (C) extracted from different dose-gradient regions of patients. ROIs, regions of interest; RD 2+, radiodermatitis with ≥ 2 grade; RD 2-, radiodermatitis with< 2 grade.




Table 1 | Demographic and clinical information of the patients (n=214) in the study.



All patients were informed by nurses about the basic skin cares before treatment, including daily rinsing of the breast skin surface with warm water, keeping the breast skin moist and clean, and avoiding friction of the skin of breasts by hard clothing. If the patients are prone to RD 2+, they may be advised to use silver sulfadiazine 1% three times per day for 5 weeks. All the patients and family members confirmed the consensus of cooperation.



2.2 Data processing and model building


2.2.1 Radiomics feature extraction

The construction and application of a radiation dermatitis prediction model was illustrated in Figure 1. A total of 884 radiomics features were extracted from each delineated ROI by using the open-source image biomarker explorer (IBEX) software platform (14). The radiomics features extracted includes seven categories: shape, intensity direct, intensity histogram, gray-level co-occurrence matrix (GLCM) (2.5D), neighbor intensity difference (2.5D), gray level run length matrix (2.5D), and intensity histogram Gaussian fit. Radiomics features were extracted from PTV regions defined with 100%, 105%, 108% of the prescribed dose and skin regions defined with 20-Gy, 30-Gy, 40-Gy isodose of the skin for the following model building.



2.2.2 Null interpolation

Based on the fact that missing of clinical and dosimetric variable values are types of data missing completely at random (MCAR) or missing at random (MAR), two methods of maximum likelihood (ML) and multiple imputation (MI) can be used to fill null variable values. We used the ML method to impute the linear null data; the MI method was applied to fill the non-linear null data. For radiomics features, since the proportion of null data is very low (<10%) and the correlation between feature variables is high, the method of directly removing null data should not generate the biased estimation.



2.2.3 Unbalanced data handling

Training on imbalanced dataset would create a biased prediction in the minority class of dataset. The degree of imbalance of dataset is based on the proportion of a minority class in the whole dataset and could range from mild (20-40%), moderate (1-20%) to extreme (<1%) imbalances (15). Previous studies showed that resampling approach is a useful pre-processing step to handle the imbalanced dataset (16, 17). This method modifies the imbalance distribution of the majority and minority classes at the data level before training with classifiers. In this study, due to a mild imbalanced dataset used (non-RD2+ patients/total patients =32.7%), an imbalanced adjustment strategy of Synthetic Minority Oversampling Technique (SMOTE) was utilized before all the data sets were trained. SMOTE is a very popular algorithm for oversampling of the minor class data. Briefly, SMOTE takes k data from k-NN (near neighbors) for each data in the minor class to perform oversampling, and then generates new data by obtaining “in-line” data with one of the randomly chosen k-NN data results for a number of magnification.



2.2.4 Screening of prediction variable

The p values were calculated for clinical and dosimetric variables (Table 1), in which the chi-square test was used by default for categorical variables, and the MUW test was used by default for continuous variables. If the data did not meet the conditions for the chi-square test, the fisher’s exact test was used instead. The variables with P value< 0.5 were selected for multiple-variable logistic regression analysis in the following step. Because the sample size of this study is relatively not large, the current data might not represent the actual situation, and the low p value might cause missing of important variables that account for the prediction model. In performing multiple-variable logistic regression of clinical and dosimetric variables, we set a relatively high P value of 0.5 (compared to P< 0.1 or P< 0.05) to avoid too few variables included in the regression analysis, which may loss valuable variables for further analysis. This resulted in 8 variables included in the regression equation (Table 2).


Table 2 | Multiple-variable logistic regression of selected clinical and dosimetric variables.



For the radiomics data extracted from the 6 ROIs, the MWU test was firstly performed with P value < 0.05 set, and then redundant features with variance ≤ 0.05 were deleted. In the next step, the pairwise correlation coefficient between one variable and all the remaining variables was calculated, and variables with correlation coefficient ≥ 0.9 were deleted. When the correlation coefficients of two variables are the same, the variable with the larger correlation with the classification result was kept. Meanwhile, a variance inflation factor (VIF) was calculated for multiple linear tests on the remaining variables, in which all variables with VIF ≥ 10 were removed. Then, a decision tree encapsulation screening method was applied to filter the variables for the following prediction model building. The encapsulation screening method integrated the feature selection process with the training process, and used the predictive ability of the model as a measure of feature selection to select a high-quality subset of variables.



2.2.5 Model training and validation

The GBDT machine learning algorithm was used to train and validate the clinical and dosimetric, radiomics, and combined prediction models, respectively. Gradient boosting is an integrated boosting method, which iterates the new learner through the gradient descent algorithm, and boosting refers to connecting multiple weak learners in series to generate a new strong learner.

For binary GBDT in this study, the loss function is defined as (18)



where y is the label, and f(x) denotes the prediction value. Then the negative gradient error at the current time is defined as



For the generated decision tree, the best residual fitting value of each leaf node is



Since the above equation is difficult to be optimized in a computer, we use the following loss function to approximate it instead:



The pseudocode of the binary GBDT is as follows:


Algorithm 

The entire data set was divided into 5 equal sub-folds with the ratio of close to 1:1 for RD 2+ and non-RD 2+ patients in each sub-fold, and the patients in each sub-fold do not appear repeatedly. 70% of the data in each sub-fold were used for GBDT model training, and the remaining 30% were used for validation. A gbm package in Rstudio was used to implement the GBDT algorithm (19). Since the problem is a classifi cation problem, the Bernoulli distribution was se lected in the loss function. The learning rate shrinkage parameter was set at 0.05, and the number of decision tree was set to 10000. The optimal number of iterations and the importance of each explanatory variable were determined by using a 5-fold cross-validation.





3 Results


3.1 Variable selection and data handling

With the null imputation method being applied to the clinical and dosimetric datasets, total of 29 clinical and dosimetric variables were retained for further analysis. The number of remained non-null radiomics features extracted from the PTV_100PD, PTV_105PD, PTV_108PD, SKIN_20Gy, SKIN_30Gy, and SKIN_40Gy were 812, 789, 674, 684, 657, and 664, respectively.

After the SMOTE method was applied, the total number of samples was increased from 214 to 280, and the number of non-RD 2+ cases was increased from 70 to 140. In the new balanced data, the ratio of RD 2+ and non-RD 2+ patients was close to 1:1.



3.2 Model training and validation

As mentioned above, the 8 clinical and dosimetric variables selected were fed into the GBDT model for training. The performance of GBDT model in the training and validation datasets using the selected clinical and dosimetric variables is shown in Table 3. It is observed that the clinical and dosimetric characteristics showed moderate predictive power for RD 2+, even in the best performance in the second and third sub-folds in the training and validation set (i.e., AUC of 0.839 with 95% CI of 0.788-0.891, and AUC of 0.816 with 95% CI of 0.705-0.927).


Table 3 | The GBDT model performance in training and validation dataset using selected clinical and dosimetric variables. The bold values indicate the best prediction performance in the training set and validation set, respectively.



With the MWU test, zero-variance test, correlation test, VIF verification and tree encapsulation screening method being successively applied to the radiomics dataset, we obtained 20 radiomics features from the 2 types of ROIs with 6 dose levels. The VIFs of these radiomics features and their AUCs in predicting RD 2+ were shown in Table 4. As can be observed from the table, these radiomics features showed limited prediction performance on their own, such as PTV_100PD_radiomics_average (AUC, 0.566 [95% CI: 0.497-0.632]), SKIN_20Gy _radiomics_average (AUC, 0.569 [95% CI: 0.501-0.636]), and so on.


Table 4 | AUC of 20 radiomics features after variable screening using decision tree encapsulation screening method. The bold values indicate the average values across the dose regions.



As can be observed in Table 5, using combined radiomics features from all the ROIs, the prediction was improved significantly for the GBDT model both in training and validation sub-folds (e.g., AUC of 0.998 [95% CI, 0.996-1] for the training set, AUC of 0.907 [95% CI, 0.829-0.985] for the validation set).


Table 5 | The GBDT model performance in training and validation dataset using 20 selected radiomics features. The bold values indicate the best prediction performance in the training set and validation set, respectively.



As shown in Table 6, in the GBDT model built on the combined clinical, dosimetric and radiomics characteristics, the best performance of the model resided in the first and fourth sub-fold in the training and validation set, with a AUC of 0.998 [95% CI:0.996-1.0] and a AUC of 0.911 [95% CI: 0.838-0.983], respectively. The best performance with the highest AUC value of each sub-folds in training and validation set of the three GBDT models were summarized in Figure 2.


Table 6 | The GBDT model performance in training and validation dataset using selected radiomics combined with clinical and dosimetric variables. The bold values indicate the best prediction performance in the training set and validation set, respectively.






Figure 2 | The receiver operating characteristic (ROC) curves for the classification of patients with and without radiodermatitis (RD 2+). The 3 curves are for classifiers that were built using clinical and dosimetric (red line), radiomics signatures within multiple ROIs (green line), and the combination of clinical, dosimetric, and radiomics features within multiple ROIs (blue line), respectively. (A): prediction model performance in the training set; (B): prediction model performance in the validation set. AUC, area under the curve; ROIs, regions of interest.





3.3 Important predictor analysis

Meanwhile, the top 12 most important characteristics as well as their corresponding importance measures (i.e., mean and standard deviation) for RD 2+ prediction in the combined GBDT model were shown in Figure 3. Three clinical characteristics were selected in this top variable list, including Hormone.therapy, T.Stage, and Quadrant.positions. Four radiomics features from the SKIN_30Gy region, including ID_Local Range Max, IH_Gauss Fit1 Gauss_Std, GOH_MAD and GLCM-25225.4Contrast, were identified as important features for prediction of RD 2+. Five radiomics features, including GLCM_2590.7_IV, Shape_Number Of Objects and GOH_0.975_Quantile from PTV_108PD, IH_Gauss Fit1 Gauss_Mean and ID_Local Entropy Max from PTV_105PD, were chosen in this top list. Most of these features focus on describing the region heterogeneity and complexity of the textures in patients’ PTV and skin volumes.




Figure 3 | Top 12 most important variables in the combined GBDT model for radiodermatitis prediction. (A) the radar plot of top 12 most important prediction features in 5 folds cross validation GBDT machine learning process; (B) The mean and standard deviation of importance measures of the top 12 most important radiodermatitis prediction features sorted by the average measures.



As illustrated in Figure 4, changes of the top 12 variable values were correlated with risk scores of RD 2+. For instance, the increase of SKIN_30Gy.GLCM-25225.4Contrast value was correlated to the decreased risk score for the occurrence of RD 2+; and it seems like that a threshold of SKIN_30Gy.IH_Gauss Fit1 Gauss_Std can be set to identify the patients with a high risk for RD 2+. We further explored the distributions (i.e., spatial and amplitude) of feature values, calculated from sliding sub-volumes (e.g., containing 7×7×7 voxels) within the ROIs, of several variables in the top list. Figure 5 shows the exemplary amplitude and spatial distributions of the feature values of IH_Gauss Fit1 Gauss Mean, GLCM_25225.4Contrast, and IH_Gauss Fit1 Gauss_Std extracted from the sub-volumes within the ROIs of PTV_100PD, SKIN_30Gy, SKIN_30Gy, respectively, for patients with and without RD 2+.




Figure 4 | Quantitative correlation analysis of changes in top 12 most important variables in the GBDT model with changes in risk scores of radiodermatitis.






Figure 5 | The amplitude and spatial distributions of the feature values of IH_Gauss Fit1 Gauss Mean, GLCM_25225.4Contrast, and IH_Gauss Fit1 Gauss_Std extracted from the sub-volumes within the ROIs of PTV_100PD, SKIN_30Gy, SKIN_30Gy, respectively, for patients with and without RD 2+.






4 Discussion

There is currently no gold standard for the prevention and management of RD 2+ for breast cancer patients. Many interventions are based on the experience of physicians and nurses, anecdotal evidence, or low-level evidence, and there are very limited prospective data to guide interventions currently. The goal of treatment is primarily to improve patient comfort, minimize the risk of further damages, and promote wound healing. This study aimed to provide an innovative method to quantitatively assess the risk of radiation dermatitis before treatment, which will greatly reduce the clinical cost of trial and error for high-risk patients, and offer the opportunity to optimize the radiotherapy plan for high-risk patients just before treatment.

Ionizing radiation essentially damages the mitotic ability of clonogenic or stem cells within the basal layer of epidermis, thus preventing the process of repopulation and weakening the integrity of the skin. The degrees of damage range from mild to severe as telangiectasias, erythema, desquamation, keratinocyte cell death, fibrosis and inflammatory response (10). The incidence of grade 2 or higher radiation dermatitis in this study (approximately 67.3%) was similar to that in previous studies (31%-50%) (20). In this study, we extracted radiomics features from skin- and PTV-related ROIs defined by different dose gradients in the planning CT images. It was found that these radiomics characteristics combined with clinical and dosimetric factors significantly improved the predictive accuracy of RD 2+. The results showed the potential of taking the risk of RD 2+ and the radiation sensitivity of multiple ROIs into account in the RT planning procedures, which facilitates personalized radiation dose distribution at the planning stage of RT to improve outcomes for patients at the high risk of RD 2+.

In this study, all patients were divided into three groups: (1) lumpectomy (i.e., partial breast resection surgery or breast conserving surgery) group, (2) mastectomy group, (3) breast reconstruction group. Previous studies found that lumpectomy was associated with a higher rate of moderate or severe dermatitis than mastectomy (63% vs. 24%, P = 0.003) (21–23), which might be due to the local dose escalation after breast conserving surgery. However, our data did not show the same situation. In the lumpectomy cohort, RD 2+ was found in 80 (66.1%) out of 121 patients who underwent a dose escalation to the tumor bed. In the mastectomy cohort, 68.6% (59/86) patients developed RD 2+. There was no significant statistical difference between the two groups (p = 0.556), which suggested that local increase of radiation dose might not be an important risk factor for RD 2+. Meanwhile, it was found that there was no significant difference in the occurrence probability of RD 2+ between lumpectomy and mastectomy groups (p=0.441), which indicated that the surgery method might not be a risk factor for RD 2+.

Previous study demonstrated that higher biologically equivalent dose was correlated to an increase in the rate of moderate or severe dermatitis (12). Our results showed that there were no statistically significant differences in EQD2_all (P = 0.457) between patients with and without RD 2+ by using the MUW test. Patient large breast size and high BMI have been found to be independent risk factors of acute skin toxicity, including moist desquamation (24). A greater self-bolusing effect is supposed to increase toxicity in the inframammary and axillary folds, due to the dose buildup of skin-on-skin. Therefore, patients with large breast size and/or high BMIs are prone to RD 2+ due to the greatest areas of skin-on-skin overlap. However, our results showed that the BMI, as well as chemotherapy, expression of hormone receptors or HER2, were not directly associated with RD 2+, which was consistent with the similar study carried by a French study team (13).

Although the clinical and dosimetric characteristics were not significantly predictive of symptomatic RD 2+ in multivariable logistic modeling, they showed good performance both in the training and validation datasets when the GBDT algorithm was adopted (e.g., best AUCs in 5-flod CV in training and validation dataset are 0.839 with 95% CI of 0.788-0.891 and 0.816 with 95% CI of 0.705-0.927, respectively) (Table 3). This suggested that the GBDT algorithm was the appropriate choice for the problem in this study.

By using decision tree encapsulation screening method, we screened out 5, 3, 4, 3, and 5 features from the 5 ROIs of PTV_100PD, PTV_105PD, PTV_108PD, SKIN_20Gy, and SKIN_30Gy, respectively. The number of radiomics features retained from the PTV ROIs was greater than the skin ROIs. The predictive ability of radiomics features of a single ROI was relatively low, which indicated that it was difficult to extract predictors with excellent prediction performance from a single ROI. However, when we used all the screened 20 radiomics features from multiple ROIs, the best AUC values of the prediction model reached 0.998 with 95% CI of 0.996-1.0 and 0.907 with 95% CI of 0.829-0.985 in the training and validation set, respectively. Therefore, we speculate that the occurrence of RD 2+ is not only directly related to the patient’s skin, but also the characteristics of the PTV adjacent to the skin which will also have an important impact on the occurrence of RD 2+.

In this study, our analysis found that RD 2+ was not strongly correlated to the dose characteristics of the skin as well as those of PTV adjacent to the skin, whereas the radiomics indicators of PTV_100PD, PTV_105PD, PTV_108PD, SKIN_20Gy, and SKIN_30Gy showed strongly correlated to the occurrence of RD 2+. This suggested that radiomics characteristics of these ROIs of the skin and PTV play more important role in the prediction of RD 2+ than the dosimetric characteristics for breast cancer patients treated with RT. For the sake of safety, driving those PTV and skin regions to the low-abundance regions of RD 2+-sensitive radiomics features holds the potential to reduce the occurrence of RD 2+.

In the combined prediction model, radiomics features extracted from the SKIN_30Gy, PTV_100PD, PTV_105PD, and PTV_108PD were the most important predictors of RD2+; while clinical characteristics, including estrogen therapy, tumor T stage, and tumor quadrant positions, were also important predictors. A previous study reported the volume of skin receiving a dose >35 Gy (SKIN_V35), PTV-V100%, PTV-V105%, PTV-V107% (i.e., volumes receiving percentage of prescribed dose within PTV) were the most significant dosimetric predictors associated with >50% probability of RD 2+ toxicity (20). Although our results did not show the strong correlation between the volumes of SKIN_V30 and/or SKIN_V40 and the occurrence of RD 2+, and the correlations between the volumes of PTV-V100%, PTV-V105%, and/or PTV-V107% and the occurrence of RD 2+ were not analyzed, our results revealed strong correlations between specific radiomics features extracted from these volumes and the occurrence of RD 2+.

As can be found from Tables 5, 6 and Figure 2, the model performance was not improved significantly when the clinical and dosimetric characteristics were added for training. This fact highlighted the role of radiomics features, extracted from the multiple dose-gradient-based ROIs of planning CT images of the patients, in the prediction of RD 2+ before treatment using the GBDT modeling method. This can be very helpful if clinical and/or dosimetric details of the patients were lost, as collecting these data is a labor intensive and time consuming task in practice.

The reason why we chose CT images for radiomics study rather than MRI images is that planning CT images were obtained within a week before the start of RT, whereas MRI images were usually acquired at the beginning of patient admission. As such, the patients’ CT images reflect the baseline of the skin condition before RT more than MRI images do. Although MRI has advantages over CT in breast imaging, Wang et al. conducted a predictive model for the fibrotic level of neck muscles after radiotherapy by using radiomic features extracted from the MRI images before and after radiotherapy and planning CT in nasopharyngeal carcinoma patients, and they found that the prediction model based on CT radiomics features has better performance in the prediction of the grade of post-radiotherapy neck fibrosis (25). Therefore, we adopted extraction of radiomics features from patients’ CT images instead of MRI images, which are usually not available due to the high cost.

The robustness of radiomics features was usually influenced by respiratory motion (26). For the patients with breast cancer, the respiratory motion was mainly manifested in the anterior-posterior direction. In our study, the left-side breast cancer patients underwent CT scans in the breath-holding state, therefore, the CT radiomics features from these patients was relatively reliable. For patients with right-side breast cancers, 4D-CT scans were performed using the free-breathing scan protocol. In this scenario, the maximum respiratory motion was restrained not to exceed 1.5cm; the respiratory rate was maintained at about 13 times per minute, and the optimal scanning pitch was set based on our previous studies (27). Furthermore, the contouring of ROIs and the extraction of the radiomics features were conducted in the MIP image mode. Therefore, the impact of respiratory motion on the training and verification of the machine learning model should be negligible.

Although the prediction model of this study requires further validation on an additional center as an independent test, we believed that the partition of the dataset into training set and validation set is good practice to ensure the reliability of the predictive models developed. In building GBDT model, we used the internal data cross-validation method (i.e., 75% of patients as the training set, and the remaining 25% as the validation set). Given the small sample size, this cross-validation method can make full use of the data. This internal cross-validation method may be more suitable for small sample dataset and can improve the generalization ability of the model, as reported in previous studies on machine learning applications (28, 29). Part of procedures of this method is similar to that reported previously by Kocak et al. They performed feature extraction and dimensionality reduction on CT images of all patients before adopting a 10-fold cross validation random forest training and validation (30). In our future work, we will consider to combine the dataset of our center with other regions in China, in which an independent test cohort can be obtained to achieve improved reliability of the prediction model.

Inflammatory response has been shown to be generally associated with RD 2+. In the initial period of RT, there is an immediate generation of an inflammatory response. The early inflammatory response to radiation is mainly caused by pro-inflammatory cytokines (e.g., IL-1, IL-3, IL-5, IL-6, and tumor necrosis factor [TNF]-a), chemokines, receptor tyrosine kinase, and adhesions molecules. These factors can create local inflammatory response of eosinophils and neutrophils. Janko et al. have ascertained that IL-1 had an important role in the development of RD 2+. They found that mice that lack either IL-1 or the IL-1 receptor developed less inflammation and less severe pathological changes in their skin (31). On the other hand, 80% of tissues and cells are composed of water. Most of the radiation damage from exposure of low-LET rays is due to the radiolysis of water resulting in the production of free radicals (ROS) and reactive nitrogen species (RNS). Radiation leads to an upregulation of free radicals and oxidases in tissues, and the distributions of which in cells, tissues and organs are heterogeneous.

Given these facts, we expect that the distributions of pro-inflammatory cytokines, ROS and RNS in the skin are individualized and specific in patients, and these specificities or differences might be reflected by the different distributions of radiomics features, such as distributions of the feature values of IH_Gauss Fit1 Gauss Mean, GLCM_25225.4Contrast, and IH_Gauss Fit1 Gauss_Std shown in Figure 5. The specific relationship between the distributions of cytokines and enzymes and radiomics signatures needs to be further investigated.

As can be observed in Figure 5, the high values of IH_Gauss Fit1 Gauss Mean feature in PTV_100PD of the patient with RD 2+ mainly appeared close to the body surface and chest wall, and distributed in strip pattern. Whereas the high value of this feature in the patient without RD 2+ appeared in the middle of PTV_100PD in a cluster style. The GLCM_25225.4Contrast feature has a scatter-like distribution in the SKIN_30Gy of the patient with RD 2+, whereas the feature of the patient without RD 2+ has a single-hot-spot distribution. The IHGaussFit1GaussStd feature has little difference in the heat map within SKIN_30Gy; however, the histograms (i.e., amplitude distribution) of the feature values between the patient with and without RD 2+ exhibit apparently different envelopes. These exemplary distributions of radiomics features between patients with and without RD 2+ demonstrated their potential to identify the patients at the high risk of RD 2+. However, the correlation between the occurrence location of RD 2+ and the spatial distribution of radiomics feature needs to be further investigated in the future study. We envision that the prediction of the locations where RD 2+ occurs in advance of RT will be possible, which would facilitate personalized skin care prior to the occurrence of severe RD 2+.



5 Conclusion

In this study, we developed a novel dose-gradient based GBDT machine learning model using 20 CT radiomics features within PTV_100PD, PTV_105PD, PTV_108PD, SKIN_20Gy and SKIN_30Gy volumes and 8 clinical and dosimetric characteristics to predict RD 2+ in breast cancer patients before radiotherapy treatment. Our results demonstrated that combining features within multiple ROIs related to different dosimetric gradient in treatment planning CT images can achieve the best prediction performance compared to using single ROI as well as clinical or dosimetric characteristics only. The model offers the opportunity to take the risk of RD 2+ and the sensitivity of multiple ROIs into account in the radiation therapy planning procedures, thus enabling the personalized radiation dose distribution at the planning stage of RT to improve outcomes for patients at high risk for RD 2+.
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Intraoperative radiotherapy (IORT) has become a growing therapy for early-stage breast cancer (BC). Some studies claim that wound fluid (seroma), a common consequence of surgical excision in the tumor cavity, can reflect the effects of IORT on cancer inhibition. However, further research by our team and other researchers, such as analysis of seroma composition, affected cell lines, and primary tissues in two-dimensional (2D) and three-dimensional (3D) culture systems, clarified that seroma could not address the questions about IORT effectiveness in the surgical site. In this review, we mention the factors involved in tumor recurrence, direct or indirect effects of IORT on BC, and all the studies associated with BC seroma to attain more information about the impact of IORT-induced seroma to make a better decision to remove or remain after surgery and IORT. Finally, we suggest that seroma studies cannot decipher the mechanisms underlying the effectiveness of IORT in BC patients. The question of whether IORT-seroma has a beneficial effect can only be answered in a trial with a clinical endpoint, which is not even ongoing.
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1 Introduction

Breast cancer is the fifth most important reason for cancer death worldwide (1). Global statistics show that in 2020 female breast cancer caused 11.7% and 6.9% of new cases and deaths from all cancer types, respectively (2). Surgical intervention is the primary option for BC patient management. Based on prolonged research, the standard procedure is either an excision plus radiotherapy or a total mastectomy to achieve clear margins. It has been demonstrated that these two strategies are consistently equivalent in relapse-free and overall survival (3). In the early stages of BC, radiotherapy has been approved as a critical part of breast-conserving therapy (4). Following lumpectomy, radiation therapy is associated with fewer BC recurrences (distant or locoregional) and mortality (5). Hypofractionation and dose escalation were used as a standard of care. External beam radiotherapy (EBRT), which is typically administered in daily fractional doses during 5-6 weeks (45–50 Gy fractionated in 1.8–2.0 Gy per day), six weeks after surgery (6), while IORT is a high single dose of irradiation _either electrons (12Gy as boost dose/21Gy as radical dose) or X-rays (21Gy) _ given to the negative tumor margin during the surgery immediately after removing the tumor. Because electrons penetrate deeper than low-energy X-rays, breast tissue must be mobilized, and shields put into the posterior lumpectomy cavity to protect tissues inside the thorax. For measured depth, 20–21 Gy doses are regularly delivered at low-electron energy. Intraoperative electron radiation therapy (IOERT) is a common term for this method (7). Recently, the survival outcomes and local control of electron intraoperative radiotherapy (ELIOT) (using 50 kv IORT) and TARGIT (using 21 Gy IOERT) were released as two randomized clinical trials. They compared IORT and whole-breast EBRT (8, 9). TARGIT: means intraoperative radiotherapy with photon made by ZEISS COMPANY from Germany which is named “Intrabeam”. The dose of partial breast irradiation is 20 GY as Low KV-X Ray, which, based on biological and clinicopathological criteria is called: BOOST or RADICAL dose. ELLIOT: in completing different IORT procedures, here we are using Electron by two different doses: BOOST= 12 GY irradiation by an electron at the flap prepared during surgery that should be completed after surgery by EBRT. RADICAL: 21 GY irradiation by the electron during surgery as the radical dose which does not need EBRT anymore; it takes time less than 2 min. Moreover, the TARGIT-A trial showed risk-adapted targeted intraoperative radiotherapy (TARGIT-IORT) during lumpectomy for BC as impressive as whole-breast EBRT. TARGIT-IORT aims to achieve an accurately-positioned and accelerated form of tumor-bed irradiation, focusing on the target tissues alone, sparing normal tissues and organs such as lung, skin, heart, and chest wall structures from unnecessary and potentially harmful radiation treatment (10). Through ELIOT technique, the mobile linear accelerator delivers a single dose of radiation with electrons to the involved quadrant of the breast during surgery, reducing the radiotherapy course from six weeks to one single session during surgery (11). Both trials announced low local recurrence rates for IORT with tolerable toxicity and remarkable outcomes of overall survival (8, 9). In addition to these trials, emerging studies clarify the benefits and mechanisms underlying the local and systemic IORT in BC patients. Recently, wound fluid (seroma) has attracted the particular interest of researchers. It is typically formed in remained space after surgical excision. It leads to an inflammatory response in wound healing and seroma fluid accumulation in the subcutaneous area. During two recent decades, many studies have been done to clarify the impacts of seroma derived from IORT-treated tumor bed on the decrease of cancer recurrence. Studies by Belletti et al. and Herskind et al. have notified that seroma obtained from patients treated with IORT caused a reduction in proliferation and invasion of BC cell lines in vitro compared to seroma from non-treated patients.

Moreover, IORT treatment reported significant results in invasion (3-D Matrigel) and migration assays. No significant effects were observed on the proliferative capacity of seroma in 2D cell culture using BC cell lines (12, 13). Belletti et al. discovered an anti-cancer effect of TARGIT through changes in cytokines and growth factors in the resection cavity (12). Despite the promising results from these studies that introduced IORT-seroma as a tumor-inhibiting factor, there are many growing kinds of research on the analysis of seroma composition and effects of seroma on cell lines of BC and primary tissues that show contrary outcomes. Some of these studies performed using 3D ex vivo models have recently been performed by our research team. In this review, we will mention critical factors involved in BC recurrence, focusing on the direct and indirect effects of IORT on BC. Then we will discuss all the findings in this field of study to elucidate the benefit of removing or preserving IORT-seroma.


1.1 Factors involved in breast cancer recurrence

Ninety percent of all local relapses happen within proximity of the removed tumor site (14), and it may be due to remaining cancer cells in peritumoral tissue, which is developed by positive resection margins or perilymphatic and perivascular invasion (15). Studies showed that one of the important factors involved in BC recurrences could be the molecular subtype of the removed tumor. On the other hand, the heterogeneity of a single tumor results in drug resistance and recurrence. Moreover, the role of the microenvironment of the tumor bed and immune system in the development of recurrences would be significant. Figure 1 schematically presents the factors that influence the recurrence of the disease.




Figure 1 | Factors involved in breast cancer recurrence. The left side of the picture shows the histopathologic types and molecular subtypes of the tumors in the recurrence of the disease. The right side of the picture shows the role of tumor heterogeneity, microenvironment, and immune system in breast cancer recurrence. Several clonal tumors containing CSCs are seen in tumor bulk and CSCs can affect the heterogenic migration of various clones in a single tumor. CSC also promote the EMT process and cause metastasis of BC tumor cell to the cervix, brain, liver, lung, and bone marrow. Cancer cells can recruit the immune system to progress tumor or even metastasis. Specific immune cells, including macrophages, lymphocytes, NK cells, dendritic cells (DCs), and neutrophils, are abundant and actively involved in the progression or suppression of cancer dissemination at the site of metastasis. Indeed, cancer cells can indirectly modulate and suppress the immune response (30, 32). CAFs promote tumor progression by initiating extracellular matrix remodeling through cytokine secretion. CAFs could suppress or avoid the immune response by promoting the recruitment of regulatory T cells (Treg), which is mediated by inflammation, or stopping the proliferation of T helper cells and killer T cells (28, 29). Work as tumor-modifying cells that may induce a change in cancer cell phenotype. CAAs produce hormones, growth factors, and cytokines. TAMs are the predominant immune cell types with immunosuppressive M2 polarized phenotypes that secrete tumor cytokines. Exosomes are essential in impairing both the adaptive and innate immune systems. It was shown that exosomal PDL1 derived from BC promotes and protects tumor growth by attaching to the PD-1 receptor of the CD8 T cells; thus, their adaptive killing activities are inhibited. Moreover, T-cells inhibit exosome secretion significantly through their anti-tumor immunity. In addition, uncontrolled cell proliferation induced by exosomes leads to inadequate nutrient and oxygen flow that derives the tumor microenvironment from becoming hypoxic. This process further triggers Epithelial-to-Mesenchymal Transition (EMT) and also promotes a more invasive phenotype.  Further explanations are available in the text. TAN, tumor-associated neutrophil; TAM, tumor-associated macrophage; CAA, cancer-associated adipocyte; CAF, cancer-associated fibroblast; ECM, extracellular matrix; EMT, epithelial to mesenchymal transition; TNBC, triple-negative breast cancer; CSC, cancer stem cell. The figure was created using Biorender (https://biorender.com).




1.1.1 Molecular subtype

Different patterns of cancer recurrence have been suggested between various BC subtypes. According to Figure 1 (left side), it seems that estrogen receptor (ER)-negative breast cancers are susceptible to higher recurrence during the first five years than ER-positive breast cancers following diagnosis. For the next ten years, the recurrence risk will chronically enhance in ER-positive breast cancers, and fifteen years after diagnosis, the risk seems to be equivalent for both subtypes. It has been demonstrated that in ductal carcinoma in situ, the human epidermal growth factor receptor 2 (HER2)-positive/progesterone (PR)-negative/ER-negative cancers showed a higher recurrence risk than HER2-negative/PR-positive/ER-positive cancers. Triple-negative breast cancer (TNBCs), which are typified by the absence of PR/ER/HER2, are commonly related to a higher risk of recurrence compared to receptor-positive tumors, particularly with a higher rate of recurrences in distant tissues (in the brain and visceral metastases) (16).



1.1.2 Heterogeneity

Histopathologic, genetic, epigenetic, and single-cell sequencing studies, as well as the application of CTC-based assays in breast tumors, indicate that a single primary tumor can affect different regions and also, it may be able to phenotypic and genotypic change over time (17, 18). Tumor heterogeneity can be observed between cells within an individual patient’s tumor (intra-tumoral) or between cells of the same subgroup of tumors in different patients (inter-tumoral). At the genetic level, heterogeneity is connected to the copy number variation (CNV), down-regulation, and overexpression of a gene (due to missense, nonsense, or frameshift mutations) (19). Based on two concepts, including the cancer stem cell (CSC) hypothesis and the clonal evolution/selection model, primary single cells can undergo multiple molecular alterations and develop infinitive proliferative potential. The clonal evolution/selection model implies natural selection and explains how clones with higher epigenetic and genetic complexity can comply more under pressures than clones with low complexity (18). Unlike this model, the concept of CSC mentions self-renewal, capacity for clonal tumor initiation, and the potential for the clonal long-term repopulation (20). Interaction between CSCs and their niche (CSC surrounding microenvironment in a tumor) promotes invasion and metastasis of the tumor due to the production of factors, and the density of CSCs can affect the heterogenic migration of various clones in a single tumor (21, 22).



1.1.3 Tumor microenvironment and immune system

Researchers are increasingly supporting evidence that acellular and cellular components in the tumor microenvironment (TME) play a principal role in tumor growth and response to treatment. Cancer-associated fibroblasts (CAFs) are the main components in cancer stroma and TME. They promote tumor progression by initiating extracellular matrix remodeling through the secretion of cytokines (23). Adipocytes are other cell types that form TME. The most abundant component covering the cells in breast tumors is adipose tissue. Cancer-associated adipocytes (CAAs) work as tumor-modifying cells that may induce a change in cancer cell phenotype (24). Adipocytes produce hormones, growth factors, and cytokines. However, their role in the expansion of BC has not been fully discovered yet (25). Numerous types of immune cells, including macrophages, various phenotypes of T cells, B lymphocytes, natural killer (NK) cells, mast cells, and neutrophils, are found in breast tumors as part of normal tumor anatomy (26). Tumor-associated macrophages (TAMs) are the predominant immune cell types with immunosuppressive M2 polarized phenotypes that secrete tumor cytokines (IL-4, IL-10, and IL-13). These cytokines promote tumor growth by stimulating immune cell differentiation into mature macrophages (27). The interaction of tumor cells and the matured macrophages cause the secretion of various factors, such as vascular endothelial growth factor (VEGF) and colony-stimulating factor–1 (CSF1), via tumor cells, promoting tumor growth and invasion (28).

TAMs, through expressing heme oxygenase-1 (HO-1), an enzyme that inhibits immune system, suppress the endothelial cells’ response to tumor necrosis factor-a (TNFα), an immunogenic cytokine, and then maintain the immunosuppressive tumor microenvironment (29). Cancer progression and anti-cancer response also depend on interactions between cancer cells and the immune system. The interaction can be categorized into four groups: First, the process of immunosurveillance; second, the anti-cancer immune response; third, immunosuppression; and fourth, the cancer assistance program. Through the immunosurveillance mechanism, the healthy immune system continually checks tissues for the manifestation of cancer, particularly the existence of tumor antigens, including abnormally expressed, mutated, or oncoviral proteins. Following prosperous detection of tumor cells, the anti-cancer immune responses proceed and are identified by killer cells and T helper cells and then lyse the cancer cells. Furthermore, cancer cells can indirectly modulate and suppress the immune response. The c activation of b-catenin mediated by cancer cells in DCs is a specific example of this process.

DCs are responsible for presenting killer T cells adhered to the particular tumor antigens with the ability to direct the anti-tumor immune response. DCs cause a repressed cross-priming of CD8+ T cells adhered to tumor antigens following high levels of activated b-catenin; therefore, the entire process of anti-tumor immune response mediated by CD8+ T cell is dampened (30). Then, the immune cells can have a dual function in the tumor microenvironment; while specific features of tumor stroma can trigger immune cells to develop tumor suppression, other signals and features of the tumor can promote immune system-mediated tumor invasion (31–34).

Among acellular components of TME, exosomes possess a crucial role in shaping the microenvironment of the local tumor through paracrine crosstalk between stromal cells and tumor and in organizing future sites of metastasis. Exosomes are small extracellular vesicles with an average size of 100 nm with an endosomal origin that deliver various types of molecular and genetic information (e.g., lipids, proteins, and nucleic acids) to neighbor and distant cells. In pioneering studies, David C. Lyden et al. demonstrated that exosomes have a critical role in pre-metastatic niche formation in distant organs. Furthermore, the studies highlighted the role of exosomal integrins in directing organotropic metastasis. These findings bring further insight into cancer development’s complexity while demonstrating the existing gaps in our knowledge (35).




1.2 Responses of tumor and tumor bed to IORT

IORT is used in a high single dose that targets the wound cavity with a higher recurrence risk while spars the surrounding tissue and providing acceptable cosmetic and toxicological results (36–39). The IORT with direct effects removes survived tumor cells in the margin and non-irradiated neighbor cells through the bystander effect. The tumor microenvironment also receives significant modifications (39). Discovered direct and indirect biological responses of probably remained tumor cells as well as tumor bed cells to IORT are represented here and schematically presented in Figure 2.




Figure 2 | Direct and indirect effects of IORT on cancer inhibition and recurrence. After the breast-conserving surgery, molecular and probably remained cancer cells in the tumor cavity will be affected by IORT. Briefly, irradiation on the tumor cavity impairs DNA repair mechanisms, induces cell death, inhibits proliferation and metastasis, alters gene and protein profiles, impairs the cell-cell junction, and induces ECM fibrosis. In indirect effects of IORT, inactivated remained tumor cells release exosomes and tumor antigens which move and deliver to lymphatic vessels through the circulating system and APCs, respectively. IORT-induced tumor antigens and exosomes effects non-irradiated tumor cells in the body via a mechanism named “abscopal effect” (33). The figure was created using Biorender (https://biorender.com).




1.2.1 DNA repair mechanisms

Mainly, due to less time to repair their damages, IR induces more efficient cell death in proliferative cells than quiescent cells. Oxygen concentration is decreased in tumor tissue, and it was demonstrated that poor-oxygenated cells are less sensitive to IR radiation compared to those well-oxygenated cells. Cancer cells are more susceptible to unrepaired damage due to faster proliferation than normal cells; they often have several mutations that cause continual stimulation of the repair process. It can lead to their survival from damage; however, it may lead to the death of surrounding normal cells (40–42).



1.2.2 Metastasis, proliferation, and metabolism

After BC surgery, IORT targets tumor bed cells through modifying their growth conditions, such as preventing mammary mesenchymal stromal cells (MSC) from outgrowth after IORT (43). Segatto et al. supported this concept by finding the expression of miR-223 in the cells of the tumor bed that undergo IORT. This expression causes the reduction of epidermal growth factor (EGF) expression that finally abrogates cell growth and tumor recurrence (44). The main signaling pathway mediated by growth factors responsible for cancer cell survival and proliferation is the PI3K/AKT/mTOR (45), in which we recently observed downregulation of proteins that are part of the PI3K-Akt signaling pathway led to disrupted proliferation following radiation (46, 47). The tumor margin of cancer after 24h following IORT showed downregulation of central carbon metabolism. Cancer cells alter their metabolism to promote unrestricted cellular proliferation and respond to energetic and biosynthetic demands (48). Warburg first discovered that cancer cells have more demands for glucose; then, the glycolysis process is increased in them (49). After irradiation, processes associated with Glycolysis/Gluconeogenesis were suppressed, and several carbon metabolisms, including citrate cycle and fatty acid and amino acid degradation, were activated. After IORT, changes in the metabolisms could aid the environment in infiltrating immune cells and restrict the proliferation of remaining tumor cells (50).



1.2.3 Cell death mechanisms

Growing evidence shows that triggering the cell death mechanism as a therapeutic effect of radiotherapy would be a complicated process. Notably, nowadays, it is detected that suppression of the proliferative capacity of tumor cells behind irradiation happens through various mechanisms, including apoptosis, necrosis, senescence, autophagy, and mitotic catastrophe (MC) (51, 52). In high LET (linear energy transfer) radiation, direct ionization of cell macromolecules such as DNA, RNA, proteins, and lipids induce cell damage. Radiation with low LET leads to indirect damage to these macromolecules because of reactive oxygen species (ROS) production, particularly hydroxide and superoxide radicals produced from the radiolysis process of reactive nitric oxide species (RNOS) and intracellular H2O. These sources of ROSs trigger several intracellular signaling pathways and oxidate macromolecules, which lead to inflammation and stress responses (53–57). IR stimulates pro- and anti-proliferative signaling pathways that unbalance cell decisions about survival/apoptosis (58), which are regulated by several factors and genes involved in DNA repair, inflammation, cell cycle progression, and cell survival/or death (58–61). Altogether, various kinds of tumor cells, including immortalized keratinocytes, lung, colon, and prostate cancer, experience apoptosis after IR radiation (from 1 to 20 Gy). Many non-immortalized cells require higher irradiation doses (>20 Gy) to show apoptosis (51, 62, 63). Moreover, several data support the notion that IR treatment may stimulate p53-independent apoptosis by the mechanism of the membrane stress pathway, in vitro and in vivo, by sphingomyelin transmembrane signaling through the production of ceramide second messenger (57, 64). Radiation-triggered necrosis, unlike apoptosis, is mainly linked with intensified inflammation in the surrounding normal tissue (65). Necrosis is a type of cell death that has commonly been highlighted as a consequence of high IR doses (32 to 50 Gy) (57, 66). Senescence is a recognized procedure throughout aging and tissues under IR-treated or several stress stimuli such as chemotherapeutic agents, oxidative stress, and prolongation of signaling through some cytokines. The senescent cells can consequently initiate the pathology process (67–70). The primary cell response of lower doses of IR is senescence, while higher doses of IR induce necrosis or apoptosis in the same cells. In a study, X-ray irradiation of endothelial cells of the pulmonary artery showed that an intensifying dose of IR radiation induces a range of cell responses from senescence in lower doses and autophagy/apoptosis and necrosis at higher doses (62). Much data have been proposed that senescence in cancer cells-treated with IR could cause a decrease in self-renewal capacity (71, 72). Despite the potential tumor suppression role of senescent cancer cells, they could secrete a particular profile of the Senescence-Associated Secretory Phenotype (SASP), which contains a various range of cytokines, proteases, and growth factors. SASP changes the tissue microenvironment and triggers tumorigenesis and angiogenesis, as well as the EMT process and invasion. Although, SASP has anti-tumor function through tumor cell clearance via the immune system (73–75). Autophagy is a primary catabolic mechanism of cell degradation through lysosomal action that lyses dysfunctional or unnecessary cell components (76). Autophagy is a procedure to maintain metabolic homeostasis in tumor cells undergoing nutrient depletion and chronic hypoxia (41). This pathway can stimulate survival or cell death in IR-treated cells; the mechanisms depend on the gene expression controlling apoptosis, which is also cell and tissue-specific (77, 78). Mitotic catastrophe (MC) is associated with different biochemical and morphological changes. A cell death process occurs after or during aberrant mitosis and incomplete DNA synthesis following radiation (79). Checkpoint deficiencies in tumor cells cause defective DNA replication and malfunctioned repair mechanisms in the aberrant segregation of chromosomes that may lead to MC. Therefore, the control loss of checkpoints in IR-treated cancer cells may generate aneuploid progeny and cell death due to MC (57).



1.2.4 Cell-cell and cell-(extracellular matrix)ECM interaction

Crosstalk between PI3K/AKT/mTOR signaling pathway mediated by growth factors and cell adhesion to the ECM activates several vital biological processes, such as regulation of gene expression as well as proliferation, differentiation, survival, and motility of cells (80, 81). We also found a number of downregulated proteins through analysis of the KEGG pathways 24h after indirect irradiation of the tumor margins of breast-conserving surgery (BCS) plus IORT. The proteins are involved in the processes associated with focal adhesion, ECM-receptor interaction, and Rap1 signaling pathway (46, 82).



1.2.5 Gene and protein expression profile

Despite many significant research interests in the scientific community about the clinical application of IORT on different types of cancers, a limited number of papers were concerned about induced gene expression following treatment with IORT. A recent study on BC cell lines (both tumorigenic and non-tumorigenic cell lines) exposed with doses of 10 and 23 Gy identified differences among various types of cell lines and treatment after using microarray for gene expression profiling (83). According to our previous omics investigations on the tissue of negative tumor margins, radical and boost doses of IOERT change different molecular pathways (82). They could stimulate the activity of some signaling pathways, such as nuclear factor kappa B (NF-κB), TNF, forkhead Box O1 (FoxO), and hypoxia-inducible factors1 (HIF-1). We also detected that apoptosis, B cell receptor, Toll-like receptor, and metabolic pathways were upregulated, known to have systemic and local effects. The proteome profile was obtained from the isobaric tag for relative and absolute quantitation (ITRAQ) technique of tumor margin samples of patients under treatment with IOERT, 21Gy (sample collected before and 24 h of after treatment with IOERT). According to our results, the tumor margin samples collected before and after IORT showed alterations in the expression of many genes and enhanced pathways linked to cell growth, survival, programmed cell death, and cell cycle arrest. In addition, downregulated proteins that were part of the phosphatidylinositol 3-kinase (PI3K)-AKT signaling pathway showed disruption of proliferation after IORT (82). Besides, inhibition of this pathway, directly and indirectly, could influence the radiation results (82).



1.2.6 Abscopal effect

Local IR treatment of tumors often results in systemic responses at distant sites. This phenomenon is termed the “abscopal effect,” which induces and enhances the innate and adaptive immune responses against tumors (84). The abscopal effect is an antitumor consequence of radiation that can be seen in metastatic conditions away from irradiated tissue (85). In radiation therapy, diverse mechanisms are associated with the abscopal effect. Generally, the mechanisms include increasing the lymphocyte infiltration into the tumor’s microenvironment, improving detection and tumor cell death by enhancing the tumor’s antigens expression and antigen presentation machinery, increasing tumor sensitivity, and activating ascending modulatory pathways. The radiation-induced abscopal effect depends on the immune system through various strategies. In some cases, radiation therapy can activate the host immune system, especially in immunogenic cancers such as melanoma, hepatocellular carcinoma, and renal cell carcinoma. The synergistic effect between the host immune response and the abscopal effect induced by radiation therapy stimulates antitumor effects against micro-metastases beyond the irradiated area. A combination of immunotherapy and radiation therapy is used in some other cases, mainly involving less immunological cancers such as BC. Thus, immunogenic reagents, including immune checkpoint blockers and targeted immunomodulators, are combined with radiation therapy in this type of cancer. This combination promotes the host immune response against tumor cells and stimulates the abscopal effect after radiation therapy (86). However, in a rare case, Azami and colleagues reported that local radiation monotherapy in advanced BC, with extensive lymph node, lung, and bone metastases, effectively induced an abscopal effect in non-irradiated metastatic regions. A few months after radiation therapy, they observed that metastatic lesions regressed in the irradiated breast tumors and all non-irradiated areas (87). Generally, in the first antitumor strategy, high-dose radiation therapy with a direct effect on tumor cells kills these cells. It releases the remnants of dead tumor cells that contain potentially immunogenic molecules. These factors stimulate the immune system and lead to immunological cell death through T-regulatory cells, DCs, and suppressive cells (88). The combination of radiation therapy and granulocyte-macrophage colony-stimulating factor (GM-CSF) in some solid metastatic cancers can induce an abscopal effect and increase the overall survival of patients. Formenti and colleagues showed that in metastatic BC, the combination of radiation therapy with a systemic transforming growth factor-β (TGF-β) blocking antibody called Fresolimumab induces a dose-dependent systemic immune response and improves overall survival (89).



1.2.7 Effect of drainage on clinical outcome

Several studies have explored the safety of seroma drainage according to multiple clinical endpoints (Table 1). Quality of life has been reported in various kinds of results in different studies. Better quality of life was seen in long-term drainage (90), reduction of hospital stays, and early drain removal in some studies provided a better quality of life by decreasing post-operative complications or in some studies reported no adverse effects, so early drain removal was preferred by patients (98, 99). To the best of our knowledge, in IORT, no results were reported regarding drainage tube removal time, length of hospitalization, and post-operative complications. However, IORT had promising results, both in terms of saving healthy tissue and local control (74% to 100% at 5 years) and 96.2% disease-free survival (101, 103). The local relapse prompted a series of clinical trials and studies to investigate whether localized IORT could be as efficient at preventing recurrence at local site as standard postoperative radiotherapy of the whole breast while also being more patient-friendly in terms of decreasing the treatment duration. As we mentioned earlier, IORT decreases the possible risk of tumor cell repopulation during the wound healing process through direct radiation therapy of diseased tissue within the tumor bed during the surgical procedure (9).


Table 1 | Evidence Summary of drain policy and its clinical effects.






1.3 Studies associated with effects of IORT-seroma on breast cancer progression

Key information related to all the studies about breast surgery IORT- and non-IORT-seroma and their effects on BC (according to our knowledge) is available in Table 2. See also Figure 3.


Table 2 | Summary of studies associated with effects of seroma and IORT-seroma on breast cancer.






Figure 3 | Graphical abstract for performed studies in breast surgery IORT- and non-IORT-seroma and their effects on breast cancer.




1.3.1 Composition of breast surgery-induced seroma; benign, malignant, IORT-treated

Seroma is an inflammatory exudate most commonly found during the first step of wound healing (104). It has been illuminated that seroma inoculation near the tumor site in mice with syngeneic BC xenografts led to enhanced tumor growth (105). Seroma derived from surgical sites may show brief information about the cell activity in terms of the release of growth factors, chemokines, and cytokines that are vital in repair and healing (106, 107). The differential expression of pro-oncogenic growth factors and cytokines is secreted from malignant to benign lesions in the post-surgical seroma in breast tumors. Valeta-Magara and colleagues detected that seroma from the surgical cavity of BC patients expresses a higher level of fundamental tumor-promoting cytokines. In contrast, benign surgical lesions in non-cancer patients express a lower level of principal tumor-inhibiting factors. They assessed 80 different cytokines, growth factors, and chemokines in 59 post-surgical seroma (24 patients with benign and 35 with malignant lesions). Although the results showed that 28 cytokines were overexpressed in both groups of seroma. Malignant-derived seroma showed higher expression of 9 biologically important factors. In particular, Leptin, tissue inhibitor of metalloproteinases 2 (TIMP-2), growth-regulated protein (GRO), and epithelial neutrophil-activating peptide 78/chemokine (C-X-C motif) ligand 5 (ENA-78/CXCL5) were highly overexpressed in malignant seroma. At the same time,insulin-like factor binding protein-1(IGFBP-1), IL-3, IL-16, fibroblast growth factors-9 (FGF-9), and IFN-γ showed down-regulation in malignant compared to the benign seroma. The post-surgical cavity of a breast tumor contains pro-inflammatory factors, regardless of being malignant or benign; however, in malignant tumors, a higher amount of additional pro-oncogenic cytokines, chemokines, and growth factors and a reduction in tumor-inhibiting factors are detected. These results showed the preconditioning effect of normal surrounding tissue on the tumor and provided a pro-oncogenic environment that remains after the removal of the tumor by surgery (108). In a recent study, Agresti and collaborators detected 34 cytokines, growth factors, and chemokines in seroma of 27 BC patients that promote the initiation and development of cancer. The results clarified that the molecular characteristics of the removed tumor influence the final composition of the secreted seroma. Specifically, MIP-1a, MIP-1b, IP-10, IL-6, G-CSF, monocyte chemoattractant protein1- monocyte chemotactic and activating factor (MCP1-MCAF), and osteopontin were expressed higher in more aggressive tumors. Furthermore, differential expression of several small molecules was detected in the seroma of BC patients with mastectomy or quadrantectomy. In mastectomized patients, IL-1ra, IL-1b, IFN-γ, IL-6, G-CSF, osteopontin, IP-10, and MIP-1b were significantly higher than in quadrantectomized patients (109). The quantitative molecular diagnosis of cytokeratin-19 (CK19) and carcinoembryonic antigen (CEA) that target cancer cells in axillary seroma showed that they are a predictor of locoregional recurrence in mastectomized BC patients (110). In pioneering research, Belletti et al. compared non-IORT-seroma with IORT-seroma and revealed that TARGIT might possess an anti-tumor effect and surpass cancer cell kill via radiation therapy through altering the cytokines and growth factors existing in the resection cavity. They evaluated the proteomic content of seromas and detected that in seroma derived from TARGIT-treated patients compared to non-treated ones, 10 proteins enhanced while 20 proteins decreased (12). Kulcenty et al. conducted a quantitative investigation of the composition of seroma in patients with BC subtypes of luminal A and luminal B and between two groups of non-treated and treated with IORT. The comparison showed that TNF-beta, macrophage migration inhibitory factor (MIF), IL-7, IL-8, and IL-13 were significantly reduced in IORT-seroma; However, these findings were obtained without a differential diagnosis of molecular subtypes in the seroma groups. Moreover, enhanced concentrations of G-CSF, cutaneous T-cell-attracting chemokine (CTACK), IL-1 beta, hepatocyte growth factor (HGF), and TNF-alpha were characterized in IORT-seroma. They found that several cytokines were overexpressed in the luminal A subtype in the IORT-treated group, which may have anti-tumor characteristics (111). In a recent study, Wuhrer et al. analyzed seromas collected 24h after breast-conserving surgery (from 42 patients) with and without IORT treatment and observed dramatic changes in populations of immune cells and levels of cytokine (112). None of the investigated subpopulations, such as Treg, T cells, and myeloid cells, showed alteration in their activation states or their counts in cellular fraction analysis of the seroma and blood samples of the patients 24 h after IR treatment compared to control. Moreover, both groups did not alter the leucocyte fraction’s apoptosis rate. Thus, IORT did not affect the processes in cellular immunity during the first 24h after surgery in the local environment. In this study, levels of cytokines in seroma were significantly changed in the IORT-treated group; results showed that cytokines including GRO-α,oncostatin-M, and IL-1β are reduced while Leptin is enhanced with IORT treatment. All of these cytokines are linked to inflammation and tumor growth. Figure 4 summarizes the studies related to seroma composition regarding protein changes.




Figure 4 | The studies related to seroma composition. Red boxes show the level of protein expression in seroma without considering radiotherapy. Green boxes show protein expression levels in an IORT-affected seroma compared to non-IORT-affected seroma.





1.3.2 Effects of seroma on breast cancer cell lines; IORT vs non-IORT

Tagliabue and collaborators first described the proliferative effects of seroma on cultures of BC cells, who tested 24h post-surgical seroma and serum from 13 BC patients on SKBR-3, MDA-MB-453, MDA-MB361, MDA-MB231, MDA-MB-435, MCF- 7 cell lines. The results clarified that all of the cell lines were stimulated to proliferate in response to the drainage fluids, although the HER2-positive cell lines showed more proliferation levels than the HER2-negative ones. Their findings showed that seroma and post-surgical serum samples comprised growth factors capable of inducing the proliferation of HER-2-positive breast cancers. Although surgical wounds provided favorable conditions for the proliferation of tumor cells, carcinomas with overexpression of HER-2 revealed a higher rate of stimulating growth. It suggests several factors secreted during repair and healing are particularly active in inducing the HER-2-positive cells (113). In their several studies, Belletti and colleagues highlighted that collected seroma from BC patients within 24 hours after surgery plays a principal role in the proliferation, survival, and motility of BC cells (12, 114, 115). Segatto et al. found that the post-surgical collected seroma highly stimulates mammosphere formation in BC cells. The researchers used EGF (as a standard stimulative agent) and seroma on cell lines of MDA-MB-231, BT-474, MDA-MB-468, and MCF-7 to test mammosphere formation. The seroma-stimulated cell lines showed a higher mammosphere forming efficacy (MFE) than those induced with EGF. Seroma highly activates signal transducer and activator of transcription 3 (STAT3) in BC cell lines. The STAT3 affects the proliferative phenotype of BC cells, and its signaling is essential for the self-renewal ability of the seroma-induced cells (116). Another study on the effects of seroma on BC cell lines by Ramolu et al. showed the capability of three types of seroma to induce the proliferation of BC cell lines. They collected seroma from 30 patients who had tumor surgery (10 patients) or underwent induction chemotherapy after tumor surgery (10 patients) or breast reconstruction (10 patients). The seromas were used to grow MCF-7 and HCC1937 cell lines. The results showed that all three groups of seromas induced the proliferation of the cells.

Interestingly, the proliferation index from culturing HCC1937 cells was significantly higher than MCF-7 cells, suggesting more sensitivity of triple-negative cell lines to stimulation by seroma (117). In studies by Belletti et al. and, Herskind et al., seroma obtained from patients treated with IORT led to more reduced invasion and proliferation of BC cell lines in vitro compared to those induced by seroma from non-IORT patients. However, in the short-term 2D cell culture of BC cell lines with molecular types of ER/PR, -Her2/neu, and ER/PR−, Her2/neu+, IORT had no significant effect on the proliferative capacity of seroma; although, it showed the significant effects on invasion assay on 3-D Matrigel and migration test (12, 13). To confirm the results of previous studies, Veldwijk and collaborators evaluated the clonogenic and long-term proliferation effects of IORT-seroma and non-IORT-seroma on the MCF-7 cell line. Their results showed that the difference between these groups was insignificant and that the cells required 3% FBS in addition to seroma for short-term and clonogenic proliferation (118). Recently, Agresti et al. treated MDA-MB-231, MCF-7, SKBR-3, HCC1937, BT-549, and T-47D with post-surgery seroma (collected 24h after surgery) from 27 BC patients. Measurement of cell growth in 2D culture over 4 days showed that seroma stimulated robust cell proliferation and migration in all cell lines (109).

Zaleska et al. treated 8 BC cell lines with seroma collected from conservative−breast surgery (WF) and compared data to that of seroma from IOERT treatment RT-WF (≤10 Gy) for 4 days to indicate the effect of seromas on the phenotype of cancer stem cells. Then, the differentiation cluster of CD44+/CD24-/low phenotype and activity of aldehyde dehydrogenase 1 (ALDH1) were characterized. Each of the two types of fluids impacted the CD44+/CD24-/low phenotype. They showed different consequences between cell lines, even in histologically similar subtypes. RT−WF led to the decreased CD44+/CD24-/low population in basal−like MDA−MB−468 and BT−549, while the two fluids inhibited these populations in the luminal type MCF7 cell line. The HER2 −overexpressing subtypes protected a minimal population of CD44+/CD24-/low, but the two postoperative fluids stimulated the growth of SK−BR−3. Compared to RT−WF, WF showed a more substantial effect on ALDH1 activity. Depending on the histological subtype of the cell lines, a different stimulatory effect was observed. The most robust stimulation was in the control group for the luminal subtypes with low dehydrogenase activity (119).

In a recent study, Kulcenty and colleagues published reports about the effects of IORT-seroma on BC cells. To evaluate the marker expression related to extrinsic and intrinsic apoptosis pathways, they incubated MCF-7 cell lines with IORT-seroma and non-IORT-seroma from BC patients for 4 days. Their result indicated the activation of the extrinsic apoptosis pathway by IORT-seroma (120). To clarify bystander effects of IORT-seroma on BC cells, they incubated MDA-MB-468 and MCF-7 cell lines with non-IORT-seroma, IORT-seroma from 16 patients, and conditioned media (CM) from irradiated cells. They measured the level of apoptosis induction, the rate of breaks in double-strand DNA, and the alterations in DNA repair-associated gene expression. They found that despite the induction by non-IORT-seroma, the induction by IORT-seroma and non-IORT-seroma+CM stimulated the double-strand breaks and enhanced the expression of DNA repair-associated genes (121). They incubated MDA-MB-468 and MCF-7 cell lines with non-IORT-seroma and IORT-seroma to determine the underlying mechanisms leading to the reduced tumorigenic potential of IORT-seroma and confirm its effect on the activation of bystander effects in cell lines. The phenotype modification of CSCs in the EMT process was investigated to determine the inductive migration effect of seroma on BC cells. Their results showed that seroma triggers the phenotype of CSC and EMT process in BC cell lines; however, its impact was partly questioned when incubated with IORT-seroma. In addition, the radiation-stimulated bystander effect’s role in changing WF properties to persuade the EMT process and CSC phenotype formation was confirmed (122). To compare the biological effects of seroma and IORT-seroma on non-irradiated neighbors of the cancer cells (bystander effects), the MDA-MB-468 cell line was treated with non-IORT-seroma, IORT-seroma, and CM derived from irradiated cells. Then, the microarray analysis was carried out. The analysis showed that IORT-seroma and non-IORT-seroma+RIBE groups have a similar effect on the same biological processes, such as enhancing cell-cycle regulation, oxidative phosphorylation, and DNA repair. The non-IORT-seroma group has its effect through over-activation of the involved pathways on the inflammatory response, INF-α and INF-γ response, and the signaling pathway of IL6 JAK/STAT3. These results showed that MDA-MB-468 cells induced by IORT-seroma and cells stimulated with non-IORT-seroma plus RIBE share common biological processes (123). A recent study on IORT-seroma and non-IORT-seroma on MDA-MB-231 and mesenchymal stromal cells clarified that seroma from IORT-treated patients affected the MSC behavior and modified the secretome of these cells. After 34h, IORT-seroma inhibits the proliferation of the MSCs with a similar method and kinetics related to the MSC’s doubling time (30–40 h). Overall, these studies provide the results that IORT alters the factor composition of seroma, which decreases the proliferation of the MSCs, the capacity of wound healing, and the activity of chemotactic migration.

Moreover, analysis of MSCs-CM cultured in 0.5% IORT- and control-seroma and collected after 72h showed significantly decreased RANTES, GRO-α, and VEGF in the IORT-seroma group (112). To confirm the tumor inhibitory effects of IORT-seroma compared with non-IORT-seroma, we evaluated migration, proliferation, viability, and invasion in three BC cell lines. The viability and proliferation results clarified that MDA-MB-231 cells benefit more than SKBR-3 and MCF-7 from the anticancer effects of IORT-seroma. The findings of the clonal survival assay in MCF-7 cells showed that the number of colonies was reduced in IORT-seroma-treated cells compared with the other groups. IORT-seroma-treated and non-IORT-seroma-treated cells showed no significant change in expression levels of proteins associated with cell cycle arrest (P16, P21) and the expression level of Caspase 3. Furthermore, our results confirmed the previous findings about tumor progressive effects of seroma on these three BC cell lines (124). Figure 5 presents the studies related to the effects of seroma on BC cell lines.




Figure 5 | The studies related to the effects of seroma on BC cell lines. The right part of the circle shows the results from the effects of breast cancer seroma on breast cancer cell lines. The left part of the circle shows the results of the effects of IORT-treated and non-IORT-treated breast cancer seroma on breast cancer cell lines.





1.3.3 Effects of seroma on breast cancer primary cells; IORT vs non-IORT

Most data indicate post-surgery seroma strongly induces proliferative and aggressive phenotypes in BC cell lines. To achieve more reliable results, these findings in vivo outcomes are required. Zhang et al. cultured primary cells from BC cells with or without seroma and then treated the cells with different anticancer drugs. Generally, a remarkable enhancement in survival rates was observed in the seroma-treated cells compared to the non-treated cells among different subgroups of the various anticancer drugs. The BC cells treated with seroma collected from premenopausal patients displayed a significantly higher rate of survival compared to those of the control group in all anticancer drugs. Finally, seroma-treated primary BC cells reported higher resistance to chemotherapy drugs (125). To mimic the tumor’s in vivo microenvironment and re-evaluate previous in vitro effects of seroma on breast tumor cells, we designed a 3D model using human-derived specimens. Spheroids from 23 breast tumors were cultured in the collagen matrix in microfluidic devices. Spheroids derived from each patient were treated for six days with the 24h seroma collected from the patients. Final data from fluorescent live/dead staining on day 6 showed that in 22 samples, the percentage of live cells was significantly higher in seroma-treated samples compared to cells treated with Roswell Park Memorial Institute (RPMI) (as a control for each sample) (124).

Interestingly, one sample displayed the opposite result. We concluded that, however, most BC patients take advantage of removing seroma, the effects of seroma on tumor progression may not show a similar effect in all patients, and it can depend on many unknown factors (126). In another study, we assessed the radiobiological impact of IORT-seroma on human-derived specimens in a 3D model mentioned above. No significant difference in the percentage of live cells was observed between IORT-seroma-treated specimens with non-IORT-seroma-treated specimens after six days of treatment. The caspase 3 and E-cadherin expression levels in these specimens showed that despite similar caspase 3 in both groups, IORT-seroma-treated spheroids showed a higher level of E-cadherin compared to non-IORT-seroma-treated spheroids. It is worth noting that in both IORT-seroma and non-IORT-seroma groups, the expression levels of both E-cadherin and Caspase 3 were significantly higher in seroma-treated spheroids compared to RPMI-treated spheroids (as control). This study suggested IORT-seroma as a fluid containing inhibitory factors for tumor migration in the microfluidic system (124). Also, we showed increased proliferative and migrative characteristics of spheroids from four BC patients under IORT-seroma treatment using time-lapse imaging (127). Figure 6 presents studies on seroma’s effects on primary BC cells.




Figure 6 | The studies related to the effects of seroma on primary BC cells. (A) Effects of drugs on seroma-treated human-derived breast cancer cells in 2D cell culture system. (B) Effects of IORT-treated and non-IORT-treated seroma on human-derived breast tumor spheroids in 3D microfluidic chips (visual evaluation of proliferation and migration). (C) Effects of IORT-treated and non-IORT-treated seroma on human-derived breast tumor spheroids in 3D microfluidic chips (visual and molecular evaluation of proliferation, apoptosis, migration, and heterogeneity).







2 Conclusion

Suction drainage placement after BCS is popular to prevent seroma formation in BC cases. However, it has some distinct drawbacks, such as an infection caused by the retrograde entry of skin bacteria through the drain, patient discomfort due to drain placement, and a need for daily nursing at home. Moreover, policies of drain removal are broadly different across various BC centers. Several studies have explored the safety of early drain removal according to multiple clinical endpoints. Studies revealed that seroma acts as a stimulative factor in tumor development through its interaction with cytokines, chemokines, and MMPs. According to data indicating beneficial direct and indirect effects of IORT on BC patients, some researchers assumed that IORT-induced seroma might mediate a part of these therapeutic effects of IORT. However, many studies such as analysis of IORT-seroma composition, treatment of BC cell lines and human tumor tissues, and assessment of their behavior under treatment of the collected seroma in 2D and 3D systems revealed that IORT-seroma has the same results as non-IORT-seroma in tumor cavity after the surgery.

The tumor heterogeneity could be a role player in the effectiveness of seroma on tumor behavior. Furthermore, in a 3D microfluidic study, we observed that heterogeneity of tumor and seroma have different effects in different patients. Our proteomic and transcriptomic data from tumor bed analysis also showed that IORT could affect tumor bed and probably remain cancer cells in tumor margins through immune system infiltration. Overall, evidence indicates that studies on seroma or IORT could not discover their mechanisms of tumor inhibition because of the variation in body reactions of patients. It seems that it is related to the immune system and probably unknown or unstudied factors in this area, such as microbiota in the body of patients. Deciphering mechanisms associated with immune system infiltration and abscopal effects consider personalized medicine by using profiling to address the questions about the inhibiting effects of IORT. In conclusion, we cannot provide a rationale for preserving or removing seroma in IORT-treated BC patients. The question of whether IORT-seroma has a beneficial effect can only be answered in a trial with a clinical endpoint, which needs to be investigated.
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Objective

To construct a content module for a breast cancer case management information platform (BC-CMIP) based on patient-perceived value (PPV).



Methods

A questionnaire was used to investigate the service needs of breast cancer patients and their families for the information platform. Based on the value dimensions of PPV, the module content of the BC-CMIP was initially constructed, and the Delphi method was used to justify and revise the module content. Excel 2019 and SPSS 26.0 were used for statistical analysis.



Results

The information platform includes the patient side and the medical side. The index content includes four primary indicators: functional value, emotional value, efficiency value and social value; it can realize all patient case management needs, such as diagnosis and treatment services, health education, telemedicine, treatment tracking, psychological support, case assessment and positive warning.



Conclusion

Based on the PPV, the module design of the BC-CMIP is reasonable and comprehensive, and it can scientifically and effectively meet the health needs of patients and provide a theoretical basis for subsequent platform development and application.





Keywords: patient-perceived value, breast cancer, case management, informatization, telemedicine



1 Introduction

Breast cancer (BC) is one of the most common malignant tumours in women, ranking first in incidence. Statistics released by the World Health Organization (WHO) in 2018 showed that 2.09 million new cases of BC were diagnosed, accounting for 11.6% of the total number of new cancer cases worldwide (18 million) (1). In China, approximately 250,000 women develop BC, and approximately 60,000 die from it yearly (2). Although BC is the most common cancer among women, it is the sixth most common cause of cancer death among women and has a relatively good prognosis compared to other cancers, with a 5-year observed survival rate of 72.7%, making it a cancer with a high survival rate (3, 4). However, due to the heterogeneity of BC, the treatment protocol requires rationalized therapy in individual cases according to the characterization and stage of the disease; thus, the treatment is complex and requires a long follow-up period (5, 6). Patients face many difficulties during treatment, care and recovery, for example, stress during treatment, emotional needs, and need for knowledge about the disease (7–9). Therefore, there is an urgent need to establish an individualised model for the management of BC patients throughout the course of their care.

Currently, various management models are also being explored for BC patients. For example, the self-management model based on empowerment theory can benefit postoperative chemotherapy patients in the process of physical and psychological recovery and improve their quality of life; the model has facilitative effects and practical significance in enhancing psychological resilience, psychological adjustment, disease awareness and self-management ability (10). The multidisciplinary management model has a good effect on chemotherapy-induced nausea and vomiting among BC patients (11). The 5S health education management model is used in the health education of patients with BC (12). However, these models currently focus on a single function and fail to create a full continuum of patient care from prehospital to posthospital.

The case management model meets the need for versatility. Case management (CM) is a system of assessment, planning, service delivery, coordination and monitoring of health care for a particular condition aimed at providing and coordinating care for a specific group of patients (13, 14). In 1985, the New England Medical Center in Boston was the first to implement a nursing care system with nurses as case managers in response to a prospective payment system, and the CM model has since been applied to acute care and long-term care systems (15). In Taiwan, in response to the implementation of universal health care, CM was established for patients in 2005 (16), with significant success, especially in oncology case care (17).At present, CM is more widely used in diseases with a long course, complex treatment and high medical costs, such as patients with severe mental illness (18), dementia (19) and cancer (20). CM is an extension of in-hospital care that integrates traditional fragmented health care systems to ensure that patients receive continuous and complete care that is high in quality and efficiency (21). A case manager, who is trained in CM, is responsible for coordinating with physicians, the health care team and the patient to develop a treatment plan and goals and to ensure that the patient completes the required tests and treatments on schedule to achieve the desired goals within a predetermined time frame. Case managers can be physicians or nursing staff but are primarily nurses (22). In countries such as the USA, Australia and Taiwan, clinical practice has proven that CM led by case managers is a successful model (23, 24). Studies (25) have also found that applying a CM model to BC patients can help them return to work as soon as possible and that case managers can play an active role in screening programmes for breast and cervical cancer (26).

Convenience, comfortable environment, and faster assessment related to the treatment surroundings could foster more relaxed emotions, accompanied by patient-perceived fairness and efficiency (27, 28). Delays in appointments has increased tension and conflict (29). Patients’ dissatisfaction led many Chinese hospitals to adopt IT systems to improve convenience and workflow efficiency for patients. These e-programs in hospitals, such as electronic registration machines, electronic health record (EHR) systems, electronic payment machines, and online appointment systems, are becoming widely used in an effort to reduce the time it takes to receive medical treatment. However, the current mHealth platform for breast cancer patients does not enable management of the entire process from prehospital to posthospital.

Patient-perceived value (PPV) is an extension of customer-perceived value in the healthcare sector (30). The concept of customer-perceived value is the overall assessment of the effectiveness of a product or service when the customer’s perceived benefit is weighed against the cost to the customer. The introduction of mobile healthcare has promoted the study of PPV. Hu Rong et al. (31) proposed four dimensions of PPV as functional, emotional, social and efficiency values in the context of mobile healthcare. PPV is a better indicator of the effectiveness of healthcare services than indicators such as patient satisfaction and service experience (30).

Following an extensive literature search, we first constructed a questionnaire on patient and family needs and evaluated the information platform services, applied the PPV theoretical framework, arranged the needs in order from prehospital to posthospital, and constructed the BC-CMIP modules. After two rounds of Delphi expert consultation, the contents of the modules for constructing the BC-CMIP were finally determined, providing a theoretical basis for the subsequent construction and evaluation of the platform. This study aims to i) investigate the demand and evaluation of BC and their families for CM service programs; ii) build a BC-CMIP module based on the PPV, the demand survey results and two rounds of Delphi expert validation; and iii) construct a preliminary operational framework for the BC-CMIP.



2 Methods


2.1 Establishment of expert discussion groups

The expert discussion group consisted of 10 experts in clinical nursing management, including 3 masters, 2 masters in progress and 5 undergraduates; 1 chief nurse, 1 chief physician, 1 deputy chief nurse and 7 nurses in charge, mainly engaged in the specialist direction of BC treatment and care, nursing management and nursing education. The discussion group was responsible for developing the demand questionnaire and distributing it, extensive literature collection to develop the correspondence questionnaire, selecting the correspondence experts, statistically analysing the importance ratings of the correspondence experts for each indicator and collating the experts’ comments and suggestions, revising the strategy according to the revision principles and providing feedback to the experts.



2.2 Construction of the content framework


2.2.1 Literature search

The literature search was conducted using a combination of subject terms and free words. PubMed, Web of Science, Embase, OVID, Cochrane Library, the Australian JBI Centre for Evidence-Based Health Care website, the US National Guideline Clearinghouse (NGC) website, and the UK National Institute for Health and Clinical Excellence (NICE) website were searched for studies published from database inception to April 1, 2022. The search strategy was built on the application of Boolean logic operators to the following keywords: (((Breast Neoplasms) OR (Breast Cancer)) OR (Mammary Cancer)) AND (((((((Mobile Applications) OR (Mobile healthmobile)) OR (Telemedicine)) OR (Telehealth)) OR (Mobile Health)) OR (Information flat)) OR (Information platform)). Using the PPV as a framework, information relevant to this study was extracted from the four dimensions of patient functional value, efficiency value, emotional value and social value, and a questionnaire on the needs of the BC-CMIP was constructed and distributed to BC patients who met the requirements.



2.2.2 Survey of demand for full case management services based on perceived value theory

Prior to the distribution of the questionnaire, the expert discussion group reviewed and discussed the format and the content of the statements in the first draft of the questionnaire (Appendix 1). From 25 April to 30 May 2022, questionnaires were distributed to patients diagnosed with BC and their family members in a tertiary hospital in Chongqing through the online survey tool “Questionnaire Star” (an online crowdsourcing platform in China), and the purpose of the survey was first explained to them. After obtaining informed consent, they were invited to respond via microscan to understand the patients’ perceptions of the content and evaluation of the CM of BC patients. Inclusion criteria: (i) age ≥ 18 years; (ii) patients diagnosed with BC; (iii) family member who most often cares for the patient (limit one family member per patient); and (iv) voluntary participation in this survey. Data analysis and collation: The four dimensions of functional value, efficiency value, emotional value and social value of patients, each stage was divided into levels according to prehospital, in-hospital and posthospital, and patients and their families were asked to evaluate the specific functions of the information platform with the help of the BC case manager.




2.3 Correspondence method

The Delphi method is a qualitative research approach used to gain consensus through expert opinion on a real-world problem (32). The process aims to structure information on a topic about which little is known; the research questions can be answered by a panel of geographically diverse experts (32). Researchers using this method are able to obtain accurate and reliable data through multiple rounds of queries (33). The Delphi method is an appropriate choice when the research question requires gathering subjective information from experts and those working in the field (34), either to set priorities or to reach consensus where none existed before (33).


2.3.1 Criteria for the selection of experts

Inclusion criteria for correspondence experts: i) long-term engagement in BC management, treatment and care; ii) high academic level in BC and CM, with outstanding research ability; iii) intermediate level or above; iv) bachelor’s degree or more; and v) voluntary participation in the consultation.



2.3.2 Method of correspondence

Letters of enquiry were sent to experts by letter or email in June-July 2022 due to study site constraints. Experts rated the importance of each indicator on a 5-point Likert scale as very important, relatively important, generally important, not very important and very unimportant, assigning a score of 5, 4, 3, 2 and 1, respectively (35), and made comments, suggested changes in the revision comments column, and added new indicators (Appendix 2). Experts were also asked to complete a questionnaire on basic information, familiarity and basis of judgement. The degree of familiarity is divided into very familiar, familiar, generally familiar, unfamiliar and unfamiliar according to the experts’ knowledge of the issue, with values of 1.0, 0.8, 0.6, 0.4 and 0.2, respectively (36), and the basis of judgement is mainly theoretical analysis, practical experience, domestic and international references and subjective judgement. A table quantifying the basis for assigning points and their level of impact is provided in Appendix 3.

Principles for revision of indicators: The following cases shall be evaluated and validated by the expert discussion group to decide whether to retain, add, delete or revise the indicators, including indicators with mean importance score x< 4 or coefficient of variation CV≥25% (36), indicators proposed by experts for addition or deletion, and indicators proposed by experts for comments and suggestions. After each round of the Delphi, responses for each item are summarized and fed back.

within the subsequent questionnaire, enabling participants to consider the views of others before rerating (Appendix 4).




2.4 Statistical analysis

Data were exported in an Excel file (Microsoft Corp., Redmond, WA, USA) and analysed by SPSS 26.0 statistical software (IBM Corp., Group NY). The expert positivity factor (E) is generally expressed in terms of the questionnaire return rate and measures the level of motivation and involvement of experts in the consultation. According to previous studies, the expert motivation factor should be at least 50% or more; above 60% indicates a high level of motivation, and 70% and above indicate a high level of motivation (37). The degree of authority of the experts’ opinions is reflected by the coefficient of the basis of the experts’ judgements on each indicator (Ca) and the coefficient of their familiarity with each indicator (Cs). The authority coefficient (Cr) is equal to the arithmetic mean of the coefficient of judgement basis and the coefficient of familiarity, i.e., Cr=(Ca+Cs)/2. The range of values for Cr was 0-0.95, and the critical value for more credible results was ≥0.7 (36). Coefficients of variation and Kendall’s coefficient of coordination (W-values) are used to indicate the degree of consistency of expert opinion.




3 Results


3.1 Demand for case management information platforms from breast cancer patients and families

A total of 231 questionnaires were collected, including 189 patients (81.8%) and 42 family members (18.2%), who had an average age of 50.3 years. The vast majority of the respondents in this survey were women (207, 89.6%), and they were married (187,81.0%). The vast majority of patients were in the surgery stage (55, 23.8%) or chemotherapy stage (60, 26.0%). Regarding the progression of the disease, 46.3% of the participants were unaware of it. Specific information can be found in Appendix 5. The results of the evaluation of the content of the CM information module based on the theoretical framework of PPV by patients and their families are shown in Table 1.


Table 1 | Content needs and evaluation of the information management platform by breast cancer patients and family members.





3.2 Basic information and positive coefficients for experts

Twenty-two experts in clinical areas, nursing education and nursing management related to BC care were purposively selected from nursing schools and departments of major universities and tertiary hospitals in the southwest region according to predetermined criteria for the selection of experts. In the first round of the study, 22 consultation questionnaires were distributed, and 18 valid questionnaires were returned, for a positive coefficient of 81.8%; in the second round of the study, 18 consultation questionnaires were distributed, and 18 valid questionnaires were returned, for a positive coefficient of 100%. The distribution of the general information of the included experts is shown in Table 2.


Table 2 | Basic information on the 18 experts included in this correspondence.





3.3 Expert authority factor

The results show that four experts were very familiar with the indicators, 11 were more familiar and three were generally familiar. In addition, the experts judged each indicator on the basis of Table 3. The authority level of the experts’ opinions in this study was 0.87, indicating that the experts were more authoritative.


Table 3 | Analysis of the basis of judgement of the 18 experts.





3.4 The degree of coordination of expert opinion

The mean values of the coefficients of variation of the indicators in the 2 rounds of the study ranged from 0.094 to 0.175, and the differences were statistically significant (p< 0.05). The values of the Kendall harmonic coefficients for the various levels are shown in Table 4.


Table 4 | Level of coordination of expert opinion.





3.5 Selection and identification of indicators

Through two rounds of expert consultation, the average importance score for all indicators ranged from 4.50 to 5.00, and the coefficient of variation ranged from 0 to 0.181; items were screened on the basis of an average importance score > 3.50 and a coefficient of variation< 0.25, and no indicators were deleted. However, it was noted that B2.2 Health lectures were a duplicate of A3.2 Health education and therefore, the item was removed. Three new secondary indicators were added: “B2.2 Counselling”, “B3.3 Family support” and “D3.3 Emergency access”. The content of the indicators A3.1 Follow-up tracking and C1.1 Consultation services was revised and adjusted in conjunction with expert opinion. Through the second round of consultation, four primary indicators and 31 secondary indicators were identified, and their mean scores, standard deviations and coefficients of variation are shown in Table 5.


Table 5 | Evaluation of secondary indicators of the Breast Cancer Case Management Information Platform module.





3.6 Model framework for a case management information platform for breast cancer patients

The BC-CMIP is divided into a medical side for healthcare professionals and a patient side for patients and family members. The overall framework is shown in Figure 1. The medical end of the platform connects to the medical systems of each treatment unit through mobile medical technology, storing the medical examination data, consultation cases, examination results, medication prescriptions and health data uploaded by patients and their families in the platform, forming a complete BC patient’s personal electronic health file and updating the health management records in real time. The case manager and medical staff can access the treatment records of BC patients at any time to understand the consultation results, examination and recovery and implement health management, health guidance, tracking management and business supervision. The management side provides statistics and analysis of health data, identifies alert values when compared with defined criteria, and dynamically monitors the whole process of BC patient management services. The patient side provides an online hospital, health testing, health assessment, expert consultation, patient home and access to health knowledge for patients and family members.




Figure 1 | Framework for a case management information platform for breast cancer patients.






4 Discussion

In this study, based on the service needs and evaluation of breast cancer patients and family members on the case management platform, the content module of the whole information platform for breast cancer patients’ case management was initially constructed through two rounds of expert correspondence based on the framework of patients’ perceived value. It is scientific and practical and provides a theoretical basis for the subsequent construction of the case management platform and its clinical application.

As payment models change, with more clinicians and health care entities accepting financial risk for outcomes, health care systems are using digital health to manage their populations and improve access, patient experience, and control costs (38). At the same time, patients’ interest in using technology to manage their health is increasing. Many patients seek information from the internet to learn more about their symptoms, diagnoses, and treatments. An increasing number are also using wearable devices and mobile applications to track their health. In addition, numerous studies now highlight the importance of designing and developing software platforms based on user requirements (38). The first principle of the software platform is to meet the needs of the people who use it because the software platform developed under the guidance of the needs will be more humane and practical and more likely to obtain long-term, stable support from the people who use it and higher application satisfaction. Therefore, this study first investigated the demand for and evaluation of case management information platform services by breast cancer patients and family members, and the results showed that patients and their families have a high opinion of the functional content of the information module for breast cancer patients, with mean scores ranging from 4.41 ± 0.697 to 4.60 ± 0.603, while without the implementation of these items, patient satisfaction scores are all less than 3, i.e., not satisfied. It can be seen that the content of the module of the information platform for case management of breast cancer patients based on the perceived value of patients constructed in this study meets the health needs of patients and is an essential health link.

Studies have shown that case managers spend considerable time recording patient-related information and case management processes (39) and that the key to the effective implementation of breast cancer case management is a well-functioning web-based platform (40). Wang et al. (41) investigated the application of professional case management based on the WeChat platform in BC patients. A total of 149 BC patients were randomly divided into two groups. The difference between the two groups was statistically significant (P<0.05), and the difference between the two groups’ health promotion behaviour scores at 3 months after discharge was statistically significant (P<0.001). Thus, with specialized CM through the information platform, patients can proactively and timely communicate with healthcare professionals and obtain the most direct and reliable professional information. Members of the CM team track, follow up, monitor, intervene and record BC patients’ life and compliance behaviour, forming a feedback system and providing targeted one-to-one guidance, improving the quality of out-of-hospital care, promoting patient self-healing and maintaining the permanence of patient health management.

Bettencourt et al. (42) pointed out in 2008 that service innovation is not a study of how the service is achieved but of how the customer wants to achieve the service. As healthcare is a professional service industry, it is not enough for the healthcare industry to focus on the clinical value of the patient from the doctor’s perspective alone to obtain service innovation; the development of healthcare services also needs to revolve around the patients’ multidimensional perceived value. This study systematically and comprehensively reflects the health needs of patients from prehospital to posthospital based on the four value dimensions of patient-perceived value, namely, functional, efficiency, emotional and social values. In addition, indicators were screened with the help of the Delphi method (32), combining expert opinions with statistical analysis of data, integrating consistency and coordination based on the original opinions of experts, while satisfying the requirement of overall opinion convergence to obtain the optimal solution for group decision-making and indicators with credibility. This combination of subjective and objective methods makes the selection of the indicator system more scientific and appropriate. Therefore, this study constructs a case management information platform for breast cancer patients based on patient-perceived value theory, which is scientific and comprehensive and can meet the needs of patient disease management.

This study has the following limitations. First, there was a lack of information engineers on the expert discussion group for guidance. Second, although we included fill-in-the-blank questions in the needs questionnaire, patients and their family members did not provide much data. This may mean that the needs of patients and some of their family members were not fully included.



5 Conclusion

This study takes the PPV of BC patients as the theoretical framework, is demand oriented, and constructs the content of the BC-CMIP module with the help of the Delphi method, which has the scientific and comprehensive ability to meet the health management needs of patients. The information platform can provide patients with convenient access to information and medical and nursing consultation carriers. With the information platform as a carrier, medical and nursing staff can participate in the whole cycle of patients’ disease treatment and rehabilitation, meet patients’ needs for professional guidance, effectively improve breast cancer patients’ self-management ability and improve their survival quality. It can be used as a new mode of case management for BC patients. Due to the limited duration of this study, the next step is to apply this management model to clinical practice and conduct a multicentre, large sample study to further improve the confidence platform for breast cancer case management.
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There is uncertainty regarding the usefulness of CDK4/6-inhibitor-based therapy for hormone receptor positive (HR+), human epidermal grow factor receptor 2 negative (HER2−), metastatic breast cancer (MBC), when CDK4/6 inhibitor treatment had previously failed. Furthermore, a biomarker for abemaciclib resistance has not been identified. Herein, we reported outcomes for an HR+/HER2− MBC patient diagnosed with multiple myeloma and treated with abemaciclib and exemestane, who had cancer progression after treatment with palbociclib and fulvestrant. Thalidomide was used in conjunction with all treatments. The patient had a good response to abemaciclib and exemestane, with progression-free survival much longer than previously reported. PIK3CA and TP53 mutations were identified after cancer progression following abemaciclib treatment. It is unclear whether thalidomide increased the effectiveness of abemaciclib. Whether benefit can be derived by the use of PI3K inhibitors, after cancer progression, requires further investigation, and this may be best accomplished by the use of next-generation sequencing.
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Introduction

For hormone receptor-positive (HR+), human epidermal grow factor receptor 2-negative (HER2−), metastatic breast cancer (MBC) patients, endocrine therapy is the first line of treatment, except for patients in visceral crisis (1). Based on multiple trials of cyclin-dependent kinase 4 (CDK4) and CDK6 inhibitors, the combination of a CDK4/6 inhibitor with endocrine therapy has improved the survival and the quality of life for HR+/HER2− MBC patients, with outcomes far better than those with chemotherapy alone (2–8). Therefore, guidelines and consensus recommend a CDK4/6 inhibitor combined with endocrine therapy as the treatment of choice for HR+/HER2− MBC patients. There are three CDK4/6 inhibitors (palbociclib, abemaciclib, and ribociclib) that have been approved by the Food and Drug Administration (FDA) for MBC (2–8), with abemaciclib also approved for adjuvant therapy of HR+/HER2− high risk early breast cancer (9). This is good news for breast cancer patients, but a challenge for oncologists. For example, if an HR+/HER2− MBC patient chose a combination of a CDK4/6 inhibitor with endocrine therapy as a first-line treatment, what would be the best choice as a second line, chemotherapy or another CDK4/6 inhibitor? Which CDK4/6 inhibitor is the best choice? Limited data are available to address these questions. Professor Angela DeMichele provided three endocrine choices at the 2018 ASCO Annual Meeting: change treatment to another CDK4/6 inhibitor, use a different endocrine drug, or add another target drug (e.g., the mTOR inhibitor, everolimus). A retrospective multicenter study found abemaciclib to be well tolerated after prior treatment with palbociclib, with median progression-free survival (PFS) of 5.3 months. These results were similar to the results of the MONARCH-1 study (10). In that study, median PFS was similar for patients who received abemaciclib monotherapy or abemaciclib combined with endocrine therapy. The median PFS was longer (8.4 months, 95% CI, 4.1–NR) for patients who received sequential CDK4/6 inhibitor therapies than for patients who received non-sequential abemaciclib therapy (3.9 months, 95% CI, 2.9–5.7, p=0.0013) (10). As such, some patients may benefit from treatment with another CDK4/6 inhibitor. However, the question is which treatment regimen is the best choice for patients who progressed after prior CDK4/6 inhibitor treatment (i.e., chemotherapy, another CDK4/6 inhibitor, or alternative endocrine therapy)?

Herein, we reported outcomes for one HR+/HER2− MBC patient who was also diagnosed with multiple myeloma. The patient had a good response to non-sequential abemaciclib and exemestane after failure with palbociclib and fulvestrant. Next-generation sequencing (NGS) of circulating tumor DNA (ctDNA), after progression with abemaciclib, identified PIK3CA and TP53 mutations, which suggested that this patient may be sensitive to PI3K inhibitors. This case report provided new insight into a treatment strategy for HR+/HER2− MBC patients after prior failure of combined CDK4/6 inhibitor and endocrine therapy.



Case presentation

A 65-year-old woman underwent modified radical mastectomy on 17 November 2015. Her treatment is summarized in Figure 1. She was diagnosed with invasive ductal carcinoma (histological grade II, tumor size 1.4 × 1 × 1 cm), with 9 out of 18 axillary lymph nodes involved. Pathological stage was pT1cN2M0, stage IIIA. Immunohistochemical (IHC) results showed the following: ER (+++), 80%; PR (+++), 35%; CerbB-2 (0); Ki67 positive rate, 20%; and D2-40, vascular tumor thrombus (+). The patient received six cycles of TC regimen (docetaxel and cyclophosphamide), radiation therapy of the chest wall and regional nodes (50Gy in 25 fractions), and exemestane as adjuvant therapy. Although non-steroidal aromatase inhibitors are, in general, the first choice of adjuvant therapy, only exemestane was reimbursed in our hospital. On 23 November 2017, PET-CT showed multiple small nodules in both lungs, with lung metastases suspected. There were no metastatic signs in other organs. CT-guided lung biopsy showed breast cancer lung metastasis. No further IHC examination was done due to a lack of biopsy tissue. Because disease-free survival (DFS) with endocrine therapy was only 16 months (<24 months) and because she had no visceral crisis, endocrine therapy was considered suitable for her treatment. Fulvestrant was an option. Based on the results of the PALOMA-3 trial, fulvestrant and palbociclib were given as her first line of treatment, and her disease remained stable until May 2019. PFS was 17 months. Grade 2 neutropenia occurred after 2 weeks of palbociclib, with adverse effects reversed after 7 days of palbociclib withdrawal. With re-occurrence of grade 2 neutropenia, she received a one dose reduction in palbociclib, with no more side effects observed. Seventeen months later, she developed chest tightness symptoms with increased serum carbohydrate antigen 153 (CA153) levels. Chest CT showed progression in both lungs, with left pleural effusion. Because she refused intravenous chemotherapy, she received capecitabine for 3 months. Unfortunately, left thoracic cavity effusion increased. Pleural drainage and intra-pleural injection of cisplatin improved symptoms. With the failure of capecitabine and refusal of chemotherapy, endocrine therapy was an option for treatment. With knowledge of the MONARCH-1 study, we administered abemaciclib and exemestane as her third line of treatment. After 1 month, CA153 levels decreased to normal (Figure 2), and lung lesions were stable. Although she was 71 years of age, second-line CDK4/6 inhibitor treatment toxicities were tolerable, and only grade 2 diarrhea occurred after 7 days of abemaciclib, which gradually improved after oral administration of Imogen and was normal after 40 days. Sixteen months (on 12-02-2021) later, she was short of breath, and chest CT scan showed progression of pulmonary lesions with liver metastatic lesions (Figure 3). Nab-paclitaxel (100 mg) was administered on days 1 and 8 with zoledronic acid for bone preservation. As of May 2022, she was in a stable condition.




Figure 1 | Treatment history of this HR+/HER2− breast cancer patient receiving abemaciclib combined with exemestane after prior progression on palbociclib and fulvestrant.






Figure 2 | The changes in serum CA153 (U/ml) during the treatment of abemaciclib and exemestane.






Figure 3 | The changes in images during the treatment of abemaciclib and exemestane. (A) The baseline of lung metastasis at the beginning of abemaciclib and exemestane. (B) The lung lesions were stable after 6 months treatment. (C) The lung lesions progressed after 16 months of treatment. (D) Liver metastasis was found after 16 months of treatment.



She was also diagnosed with multiple myeloma in January 2014, when a thoracic vertebral fracture occurred. VAD (vindesine 1 mg, days 1−4; epirubicin 10 mg, days 1−4; dexamethasone 15 mg bid, days 1−14) chemotherapy regimen was given for a total of six cycles, and then, thalidomide, 100 mg, was given orally every night for 3 months followed by removal for 1 month. Thalidomide was tolerated with no side effects, and the myeloma was stable.

In order to find therapeutic targets for this patient, who progressed on abemaciclib after prior progression on palbociclib, we performed NGS of ctDNA (Geneseeq assay) derived from her blood. A PIK3CA p.E545K exon 9 missense mutation and a TP53 p.H214Lfs*33 frame shift mutation in exon 6 were found (Figure 1). The plasma tumor mutation burden (TMB) was 4.1 mutations/megabase [mut/Mb].



Discussion

Recent studies have shown that the combination of a CDK4/6 inhibitor with hormone therapy was the first choice for treatment of HR+/HER2− MBC because this strategy improved survival (2–8). Palbociclib, abemaciclib, and ribociclib are all CDK4/6 inhibitors that provide similar survival data for MBC patients. Abemaciclib is the only effective monotherapy for HR+/HER2− MBC patients (11). Because of the FDA approval sequence, palbociclib was the first CDK4/6 inhibitor for MBC patients. The MONARCH E study showed abemaciclib to also be effective for high-risk early breast cancer patients (9). With the approval of these drugs, oncologists were challenged to determine the best treatment for HR+/HER2− MBC patients who had failed previous therapy with a CDK4/6 inhibitor.

In this study, we reported outcomes for a HR+/HER2- old MBC patient with a good response to non-sequential abemaciclib and exemestane after fulvestrant and palbociclib treatment failure. The PFS with abemaciclib and exemestane was 16 months for this patient, which was longer than previously reported (10). For MONARCH I and the retrospective multicenter experience, the median PFS for abemaciclib was <8.4 months (10, 11) and only 3.9 months (95% CI, 2.9−5.7, p=.0013) for those who received non-sequential CDK4/6 inhibitor therapy (10). There maybe two reasons. One is that this patient reported herein also had multiple myeloma and was given thalidomide. There are many studies that have shown thalidomide to be immunomodulatory, to have anti-angiogenic activities that may suppress tumor growth (12–14), and to play an important role in cancer control. One recent study found that adding thalidomide to pyrotinib increased clinical benefit for advanced non-small-cell lung cancer (NSCLC) patients with HER2 exon 20 insertions, with reductions in the incidence of pyrotinib-related diarrhea (15). In a breast cancer murine model, Yang Jin et al. found that thalidomide inhibited breast tumor growth through inhibition of angiogenesis by reducing tumor-associated macrophage accumulation and infiltration and decreasing angiogenesis-related cytokine production (14). They also found that thalidomide increased tumor perfusion and decreased vascular leakiness, which may enhance the delivery and efficacy of chemotherapy (12). Meta-analysis showed that thalidomide reduced nausea and vomiting in delayed and overall phases (16), increasing treatment tolerance for older patients. Whether thalidomide can enhance the anti-tumor effect of CDK4/6 inhibitors requires further investigation. The other explanation that this patient had longer PFS may due to the combination of exemestane. Although her BMI was normal (BMI=21) and none of the three aromatase inhibitors (non-steroidal aromatase inhibitors: anastrozole, letrozole, and steroidal aromatase inhibitor exemestane) were superior to the others in terms of efficacy and safety, some studies still indicated that exemestane can significantly decrease serum levels of leptin while letrozole cannot (17). This hypothesis also needs to be further verified.

The patient reported herein was older, refused chemotherapy, and was satisfied with her two lines of endocrine therapy, which were well tolerated and provided lasting tumor control.

Previous studies found that the PIK3CA mutation, ERS1 mutation, cyclin E1 (CCNE1) amplification, and the CCND1 amplification contributed to endocrine resistance (18–23). The exploratory analysis of the PALOMA-3 study showed that high CCNE1 mRNA expression was associated with the poor anti-tumor activity of palbociclib (18). Lee et al. found that high TMB, the TP53 mutation, the PTEN loss of function mutation, and RB1 pathway alteration related to palbociclib resistance (19). Gene expression analysis of baseline tumor mRNA by the MONALEESA-7 study found survival benefit for patients treated with ribociclib who had high expression levels of CCND1, IGF1R, and ERBB3, and for patients with low expression levels of CCNE1 and MYC (21). A retrospective analysis found that RB1, ERBB2, and CCNE1 alterations contributed to rapid cancer progression with abemaciclib (10). There are barriers and limitations to the use of NGS for metastatic cancer patients. Many trials have used NGS to identify biomarkers and new drug targets for treatment of breast cancer patients (18, 21). Anna et al. found that for HR+/HER2− MBC patients with the BRCA mutation, a combination of PARP inhibitors, palbociclib, and letrozole was the most effective cancer treatment (24). Wang et al. found heavily pre-treated HR+/HER2− MBC patients with high TMB to respond well to camrelizumab (25). These studies provide insight into new strategies by which to treat patients who were previously treated with many lines of endocrine and/or chemotherapy. In this case report, we used a new approach for the treatment of this patient. Because the patient denied biopsy of her new metastatic lesions, we collected a blood sample and, by NGS, found a PIK3CA p.E545K exon 9 missense mutation and a TP53 p.H214Lfs*33 frame shift mutation in exon 6. The TMB in plasma was 4.1 mutations/megabase (mut/Mb), which was quite low. Many studies have demonstrated the PIK3CA mutation to play an important role in endocrine resistance. PIK3CA-mutated HR+/HER2− MBC cells are less sensitive to chemotherapy (26), which may explain why this patient showed no response to capecitabine. Although the TP53 mutation is common in MBC patients, there are no target drugs for breast cancer patients. However, PIK3CA mutations have predictive value for treatment with the α-selective PI3K inhibitor, alpelisib, and the β-sparing PI3K inhibitor, taselisib (SANDPIPER trial), in an advanced situation (26, 27). Based on the NGS results, this patient may be sensitive to PI3K/AKT/mTOR pathway inhibitors. Considering drug accessibility and tolerance, she finally received nab-paclitaxel, 100 mg, on days 1 and 8 and was in a stable condition as of May 2022.



Conclusion

In conclusion, we reported an HR+/HER2− MBC patient, also diagnosed with multiple myeloma, who showed a good response to non-sequential abemaciclib and endocrine therapy after cancer progression following palbociclib therapy. The PFS of abemaciclib for this patient was longer than that reported previously. Furthermore, ctDNA plasma sequencing of this patient showed PIK3CA and TP53 mutations, which indicated that PI3K inhibitors may be one option for her future treatment. Overall, these findings suggested that some patients may benefit from continued CDK4/6-directed therapy, even though the utility of individual CDK4/6 inhibitors is unknown. Thus, additional, large-sample, prospective trials are necessary to evaluate the effectiveness of CDK4/6 inhibitors in such clinical situations.
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Objective

The aim of this study was to evaluate whether a predictive model based on a contrast enhanced ultrasound (CEUS)-based nomogram and clinical features (Clin) could differentiate Her-2-overexpressing breast cancers from other breast cancers.



Methods

A total of 152 pathology-proven breast cancers including 55 Her-2-overexpressing cancers and 97 other cancers from two units that underwent preoperative CEUS examination, were included and divided into training (n = 102) and validation cohorts (n = 50). Multivariate regression analysis was utilized to identify independent indicators for developing predictive nomogram models. The area under the receiver operating characteristic (AUC) curve was also calculated to establish the diagnostic performance of different predictive models. The corresponding sensitivities and specificities of different models at the cutoff nomogram value were compared.



Results

In the training cohort, 7 clinical features (menstruation, larger tumor size, higher CA153 level, BMI, diastolic pressure, heart rate and outer upper quarter (OUQ)) + enlargement in CEUS with P < 0.2 according to the univariate analysis were submitted to the multivariate analysis. By incorporating clinical information and enlargement on the CEUS pattern, independently significant indicators for Her-2-overexpression were used for further predictive modeling as follows: Model I, nomogram model based on clinical features (Clin); Model II, nomogram model combining enlargement (Clin + Enlargement); Model III, nomogram model based on typical clinical features combining enlargement (MC + BMI + diastolic pressure (DP) + outer upper quarter (OUQ) + Enlargement). Model II achieved an AUC value of 0.776 at nomogram cutoff score value of 190, which was higher than that of the other models in the training cohort without significant differences (all P>0.05). In the test cohort, the diagnostic efficiency of predictive model was poor (all AUC<0.6). In addition, the sensitivity and specificity were not significantly different between Models I and II (all P>0.05), in either the training or the test cohort. In addition, Clin exhibited an AUC similar to that of model III (P=0.12). Moreover, model III exhibited a higher sensitivity (70.0%) than the other models with similar AUC and specificity, only in the test cohort.



Conclusion

The main finding of the study was that the predictive model based on a CEUS-based nomogram and clinical features could not differentiate Her-2-overexpressing breast cancers from other breast cancers.
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Introduction

Breast cancer is the most common cancer diagnosed and the fifth leading cause of cancer death among Chinese women (1). Recurrence and metastasis are the main causes of treatment failure and death in patients with breast cancer (2).

Numerous studies have concentrated on the molecular diagnosis and prognosis of breast cancer since the incidence rate and prognosis of breast diseases with different pathological types vary greatly (3–6). The human epidermal growth factor receptor 2 gene (Her-2) is a member of the HER family, which prevents apoptosis and promotes cell proliferation (7, 8). Breast cancers that overexpress Her-2 are aggressive, accounting for 25% of all breast cancer cases (1, 9). Patients with Her-2 positive breast cancer have a lower survival rate than those without Her-2 overexpression. Her-2 has been used as a predictive and prognostic biomarker for breast cancer (10–12). However, the results of immunohistochemistry are limited by tumor heterogeneity and volume. Many imaging techniques (e.g. ultrasound (US), mammography and magnetic resonance imaging (MRI)) can provide morphological information about breast tumors. BI-RADS-US is helpful for differentiating benign and malignant lesions. Mammography is the recommended screening test around the world. However, mammography has low sensitivity in patients with dense breasts, especially for Chinese women, which may cause delayed diagnosis and worse outcomes (13). Compared with MRI, US is a widely available, low-cost technique that is less time consuming. The American College of Radiology published Breast Imaging Reporting and Data System (BI-RADS) lexicon guidelines for breast cancer screening, to standardize image interpretation by radiologists and dictate management recommendations. Despite improved consistency, the interpretation of US features is operator-dependent and objective, which contributes to further interobserver variation (14). In addition, malignancies present overlapping US features between Her-2 overexpressing cancers and other malignancies (OMs) (15–17). Studies have evaluated the relationships between prognosis and preoperative demographic information and serum and cancer biomarkers, but they have reported contrasting findings (18, 19). Previous studies including our study found that the features on contrast enhanced ultrasound (CEUS) are significant tools for characterizing breast lesions (20–22). CEUS enables real-time scanning by injecting blood-pool agents and truly reflects the vascular condition within the tumor microenvironment with great convenience and cost-effectiveness. CEUS features [i.e., hyper-enhancement, sun-sign and enlargement] can be used as biosignatures for identifying aggressive biological behavior (20–22). However, the abovementioned studies were all carried out at a single center. Moreover, variable definitions of CEUS features in these studies inhibit their further clinical applications. To the best of our knowledge, studies have not yet evaluated the prognostic values of preoperative CEUS in estimating breast cancer classification. Hence, we aimed at to evaluate whether a predictive model based on a CEUS-based nomogram and clinical features (Clin) could differentiate Her-2-overexpressing breast cancers from OMs.



Methods


Patients

We retrospectively analyzed detailed clinical and pathological data from breast cancer patients. The requirement to obtain informed consent for study inclusion was waived. However, all patients undergoing CEUS, biopsy, or surgery signed informed consent forms for these examinations or procedures. All patients underwent a conventional US and CEUS before core biopsy and/or surgery. Patients with previously-diagnosed breast cancer or incomplete clinical information were excluded, and male patients were excluded as well. None of the patients had received preoperative chemotherapy or radiotherapy. Clinical information included several independent variables such as demographics (age, menstrual cycle [MC], family history of cancer, blood pressure, heartrate [HR], CA153, and body mass index [BMI]), histopathological features (histopathological type, pathologic stage of regional lymph node (pTN) stage, size of invasive component in millimeters, multifocality/multicentricity status, and lymph node status), and the expression of ER, PR, HER2, and Ki67. The ER, PR, HER2, Ki-67-labeling index and histological type were confirmed by surgery.

In total, 102 patients at the Second Affiliated Hospital Zhejiang University School of Medicine were included as the training set from January 2018 to June 2021. Another 50 patients from the Second Affiliated Hospital Zhejiang University School of Medicine and the First Affiliated Hospital of Zhejiang Chinese Medical University were prospectively included as the internal and external validation sets to validate the predictive model between July 2021 and July 2022.



US

US images of breast masses were obtained using a Resona 7/7S/9 scanner (Mindray, China), and MyLab TM Twice (Esaote, Italy) equipped with a 3- to 11-MHz linear probe and a 4- to 13-MHz linear probe by one of seven senior radiologists with 5–15 years of experience in conventional US and at least 2 years of experience in CEUS of the breast. The nodule size was defined by the maximal diameter on US. The number and location of the masses were also recorded. If multiple masses were present, the most suspicious (the higher BI-RADS category) or the largest mass was targeted. The machine settings were adjusted to obtain optimal US images, and the images were stored for further analysis.



CEUS and analysis

The same transducer as use with US equipped with contrast-specific, continuous-mode software was used for CEUS. Patients were instructed to breathe quietly during the entire process. A second-generation US contrast agent (sulfur hexafluoride, SonoVue; Bracco, Milan, Italy) was intravenously administered at a dose of 4.8 mL and was subsequently manually flushed with 5 mL of saline. Starting at the beginning of the saline injection, a 120-second-long clip was documented during the examination. We manually outlined the area most perfused within the mass as a selected ROI (≈5.0 mm2), from which the following mean perfusion parameters were extrapolated: The plane with the most abundant vessels was selected as the CEUS target area. For lesions with no blood detected on color Doppler flow imaging (CDFI), the section with the most irregular shape was chose instead. The plane with maximal diameter was chosen as the last choice when a mass with a regular shape and no blood was detected. Then, time–intensity curves (TICs) using the local density random walk wash-in, wash-out (LDRW-WIWO) method was acquired using built-in software. Finally, we obtained the following parameters: (1) the enhancement echogenicity (hetero-enhancement or homo-enhancement); (2) the enhancement intensity (hyper-enhancement, hypo-enhancement, or iso-enhancement); (3) the enhancement shape (regular or irregular); (4) the enhancement border (well-defined or ill-defined border); (5) the enhancement size (larger than vs. equal to the US size); and (6) the crab-like sign (present or absent, defined as the nourishing vessels around the tumor). The features of hyperenhancement, enlarged, and crab-like sign in the contrast mode are related to malignant lesions, according to the findings of our earlier study and other studies (18–20). If the CEUS result was positive, the original BI-RADS score remained unchanged. If the CEUS result was negative, the original BI-RADS score was downgraded one level (e.g., BI- RADS 4A was downgraded to BI-RADS 3).

US and CEUS images and clips were assessed by two senior radiologists in consensus (1:15 years of experience in breast US and 8 years of experience in CEUS; 2:6 years of experience in breast US and 5 years of experience in CEUS). All radiologists were blinded to the patients’ clinical data and pathology results.



Histopathological analysis and scoring

The histopathology results after surgery were used as the final diagnosis of the masses. Histopathological specimen assessments were carried out on formalin-fixed paraffin-embedded tissue sections selected to include representative sections of carcinomas and adjacent normal breast tissue. Tumor cell staining was compared with that of the surrounding normal breast epithelium, which was used as the negative control. The slides were scored according to the percentage of positive cells vs. total cell number, regardless of staining intensity for non-standardized biomarkers. The immunostaining scores for ER, PR, and Ki67 and the algorithm for HER2 scoring were determined according to the ASCO and CAP guidelines (23, 24). Cell proliferation (Ki67) was assessed by nuclear staining in at least 500 tumor cells using a mouse monoclonal antibody, clone MIB1 (Dako Denmark A/S, Glostrup, Denmark) at a 1/100 dilution. By convention, we considered the expression level of Ki-67 to be low if the percentage of nuclear staining was <20%, intermediate if between 21% and 60%, and high if ≥60%. The tissue sections were examined by two pathologists with 10 and 15 years of experience in histopathology who were blinded to the clinical information.



Statistical analysis

Continuous variables are expressed as the mean ± standard deviation while categorical variables are expressed as percentages according to normal distribution tests. Continuous data were compared by independent t tests while categorical data were compared using Chi-square tests or Fisher’s tests if necessary. In the training cohort, significant parameters between Her-2-overexpressing and Her-2-negative patients with P<0.2 were enrolled in the multivariate regression model by the stepwise forward selection method. Then, independently significant indicators for Her-2 overexpressing were used for further predictive model establishment as follows: Model I, nomogram model based on clinical features (Clin); Model II, nomogram model combining enlargement (Clin + Enlargement); Model III, nomogram model based on typical clinical features combining enlargement (MC + BMI + diastolic pressure (DP) + outer upper quarter (OUQ) + Enlargement). The diagnostic performances of the predictive models were tested in both the training and test cohorts. The area under the receiver operating characteristics curve (AUC) was established to indicate the diagnostic performance of different predictive models. Comparisons of AUC were determined using the Delong test, both in the training and test cohorts. The sensitivities, specificities, positive predictive values (PPV) and negative predictive values (NPV) were compared by the chi-square test. Inter observer agreement was calculated by the intraclass coefficient (ICC) model. Statistical analyses were performed by the SPSS 23.0 software package (Chicago, USA) and Medcalc software (Mariakerke, Belgium). P<0.05 was taken as the threshold for statistical significance.




Results


Baseline characteristics

The incidences of Her-2-overexpressing breast cancers were 34.3% and 40.0% in the training and test cohorts, respectively. As shown in Supplemental Table 1, baseline parameters did not significantly differ between the training and test cohorts.

In univariate analysis (Table 1), elevated BMI levels were found in the Her-2-overexpressing group (P<0.05) of the training population. In contrast, there were no CEUS features that were significantly associated with Her-2 overexpressing (all P >0.05). For the test cohort, elevated systolic pressure levels were more prevalent in the Her-2-overexpressing population (P<0.05). Moreover, no CEUS features that were significantly associated with Her-2 overexpressing (all P >0.05) (Supplemental Table 2).


Table 1 | Univariate analysis of Clinical, US and CEUS features for predicting Her-2 overexpressing in training cohort. .





Nomogram model establishment

In the multivariate regression model I, OUQ was found to be the best predictor for Her-2 overexpressing with an odds ratio (OR) value of 2.52. For Model II, OUQ (OR=2.66) and an enlarged CEUS pattern (OR=1.51) were significant factors for predicting Her-2-overexpressing (Table 2). All nomogram figures are shown in Figure 1.


Table 2 | Multivariate analysis of clinical and CEUS features for predicting Her-2 overexpressing in training cohort.






Figure 1 | Clin, clinical features; MC, menstrual cycle; BMI, body mass index; DP, diastolic pressure; OUQ, outer upper quarter. Nomogram graphics of Clin model (A), Enlarge + Clin model (B) and MC+BMI+ DP+ OUQ+ Enlarge model (C) for predicting Her-2 over-expression patients.





Diagnostic performance of different models

Model II achieved an AUC value of 0.776 at nomogram cutoff score value of 190, higher than that of the other models in the training cohort, but without significant differences. In the test cohort, model II achieved a higher AUC value when compared to that of model I without significant differences (P=0.94) (Table 3 and Figure 2).


Table 3 | Diagnostic performance of different models for predicting Her-2 overexpressing in training and test cohort.






Figure 2 | Decision curve graphics of all models for predicting Her-2 over-expression patients in the training (A) and test cohort (B). AUC graphics of all models for predicting Her-2 positive patients in the training (C) and test cohort (D).



In addition, the sensitivity and specificity were not significantly different between Models I and II (all P>0.05), in either the training or the test cohort. Moreover, model III exhibited a higher sensitivity (70.0%) than those of other models with similar AUC and specificity, only in the test cohort.



Inter-reader agreement

The results showed that interobserver agreement on CEUS BI- RADS category was good.




Discussion

The application of nomograms combined with multiple imaging modalities and clinical information is becoming increasingly popular in breast cancer research. It is not only used to identify malignancies and differentiate tumor grades, but also used to predict prognostic factors (23–25). Many studies have shown that nomograms can accurately discriminate breast cancer (23–26). The prognosis of Her-2-overexpressing cancers may be worse, however, patients with Her-2 overexpressing cancers could be effectively treated by targeted therapies, which are personalized and effective treatments (27, 28). The identification of positive Her-2 expression from the features extracted from medical information is an important issue in the clinical decision-making of breast cancer. In this study, we proposed a novel nomogram based on clinical, pathologic and CEUS features to predict Her-2 overexpression in OMs. The nomogram incorporated 9 possible predictors including MC, BMI, DP, HR, CA153 level, tumor size (maximum diameter), location (areola, OUQ), and enlargement. Our results showed the nomogram did not have good discrimination ability in either the training dataset or the validation dataset.

This study found that the clinical model contained several cardiovascular-related variables including BMI, DP, and HR. Several studies have proven that patients with breast cancer, especially those specific demographic characteristics, an elevated risk of developing cardiovascular diseases including hypertension heart failure, ischemic heart disease, cerebrovascular disease, peripheral vascular disease, and atrial fibrillation (29–31). However, neither the previous studies nor our study found a relationship among clinical features, cardiovascular diseases and the classification of breast cancer. Many factors are associated with cardiovascular disease, including age, lifestyle, metabolism, genetics, BMI, ovarian function, and emotional health. With large database studies including breast cancer subgroup classification, we hope that the relationship between breast cancer and cardiovascular disease may be explained more clearly.

For many years, tumor size has been used to evaluate the prognosis and determining the appropriate treatment strategy (32–34). In the present study, tumor sizes larger than 20 mm were found to be predictors for predicting Her-2 overexpression, but this correlation was not significant (OR=2.05, P=0.12) in the univariate regression analysis, which agrees with previous results (35). Invasive growth is one of the typical characteristics of all breast cancers, and size did not significantly different types. Similarly, Her-2 positivity was more frequently found in the OUQ than in other quadrants in this study (OR=2.24, P=0.06), which was consistent with past findings. Breast cancer is thought to most likely to occur in the OUQ, which is the quadrant with the highest breast area and a dense area (36). However, the incorporation of these features in a combined Clin model resulted in a poor diagnostic performance in predicting Her-2-overexpression (AUC=0.47, sensitivity=75.0%, and specificity=36.7%) in the test cohort. The proportion of dense breasts in Chinese women may be a contributing factor. Future study with the factor of breasts density is needed.

Her-2 overexpression increases vascular endothelial growth factor (VEGF) synthesis, which could increase angiogenesis in breast cancer. Angiogenesis, which differs among the various molecular types of breast cancer, is essential to the growth and metastasis of breast tumors since they are vascular-dependent. Clinical research, including our own, has concluded that hyper-enhancement, enlargement and crab-like sign on the CEUS pattern is more common in malignant breast lesions than in benign lesions (20–22). Previous study showed that Her-2 over-expression subtype contrast enhancement pattern was more frequently present with centripetal enhancement with a perfusion defect (37). However, no currently existing study has yet reported the effectiveness of the combination of clinical information and CEUS features in predicting breast cancer subtypes. In the era of personalized or precision medicine, the integration of nomograms based on clinical, and CEUS features may increase the possibility for clinicians to plan patient-centered treatments. The Her-2 over-expression subtype expresses VEGF in high levels, which can stimulate tumor angiogenesis from the tumor’s periphery to its core. As a result, the heterogeneity of VEGF expression within the tumor is greater than that of the tumor mass itself, and this distinguishes the Her-2 over-expression subtype’s contrast enhancement pattern from that of other cancers. Unfortunately, in the current study, the combination of clinical and CEUS features showed no significant diagnostic performance in predicting Her-2-overexpression compared with the clinical model alone. We also established a model based on several types of clinical information that could enhance the efficacy of the “enlargement” sign. However, the result was not satisfactory. This lack of effect may be affected by factors such as the size of the included lesions and the sample size. Also, the quantitative analysis of CEUS was not included in the study. In this respect, further studies from larger trials will be necessary to achieve prediction of Her-2 through preoperative information.

This study had some limitations. First, the retrospective nature of the training set may have led to unavoidable selection bias. Therefore, a prospective study is required to achieve the predictive model. Second, the sample size was relatively small, especially in the test cohort. Third, different US machines were used to collect CEUS data at the two centers, which may result in image variability. The limited number of Her-2-overexpressing breast cancer patients in the test cohort inhibits subgroup evaluation of US-machine-derived inconsistencies. This problem could be solved by conducting a prospective multicenter study of a large sample. Finally, a quantitative analysis of interpreting CEUS features would be much better and required to address the inconsistency associated with naked-eye observation. Further research will need to be conducted in the future.



Conclusions

In summary, the nomogram is based on clinical and CEUS features that can be obtained in a preoperative setting. The proposed nomogram could not be used to individually predict Her-2-overexpression in breast cancer patients. The results may indicate the need for a deep study to obtain more meaningful results for clinical application.
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Type-GBDT

Training-set

validation-set

Folds

RD 2+/Non-RD 2+

RD 2+/Non-RD 2+

1-toldsModel-1

0.998
0.996-1.0
(DeLong)
0.857
0.755-0.960
(DeLong)

2-foldsModel-2

0.996
0.991-1.0
(DeLong)
0.908
0.835-0.982
(DeLong)

3-tfoldsModel-3

0.998
0.991-1.0
(DeLong)
0.816
0.706-0.927
(DeLong)

4-foldsModel-4

0.996
0.991-1.0
(DeLong)
0911
0.838-0.983
(DeLong)

5-toldsModel-5

0.983
0.970-0.995
(DeLong)
0.837
0.723-0.950
(DeLong)
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Type-GBDT Folds

Training-set RD 2
+/Non-
RD 2+

Validation-  RD 2

set +/Non-
RD 2+

1-foldsModel-1

0.998
95% CI: 0.996-1.0
(DeLong)

0.881
95% CI: 0.782-0.981
(DeLong)

2-foldsModel-2

0.997
95% CI: 0.993-1.0 (DeLong)

0.907
95% CI: 0.829-0.985
(DeLong)

3-toldsModel-3

0.997
95% CI: 0.994-1.0 (DeLong)

0901
95% CI: 0.814-0.987
(DeLong)

4-foldsModel-
4

0.974

95% CI: 0.954-
0.993
(DeLong)
0.867

95% CI:
0.777-0.958
(DeLong)

5-foldsModel-5

0.998
95% CI: 0.996-1.0
(DeLong)

0.875

95% CI:
0.769-0.980
(DeLong)
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Intermediate-aged physician (n=767) Senior physician (n=767) Al (n =767, 1,250 pictures for malignant
breast tumors, 558 were NLM pictures)

Pathologic stage Training data set ~ Verification data Test data set
set

IDC 509 509 357 (899 101 (216 pictures) 51 (125
pictures) pictures)

IPC 2 2 1 (4 pictures) 1 (4 pictures) 0

IC 1 1 1 (2 pictures) 0 0

PCM 158 158 110 (246 32 (77 pictures) 16 (62 pictures)
pictures)

GM 97 97 68 (111 pictures) 19 (24 pictures) 10 (38 pictures)

Age (y) (mean + 46.52 £10.29 46.52 + 10.29 46.17 £ 10.30 47.04 £ 10.80 46.78 = 10.56

std)

Nodule size

0-1.0 cm 272(35.46%) 272(35.48%) 190(35.38%) 55(35.95%) 27(35.06%)

1.0-2.0 cm 400(52.15%) 400(52.13%) 277(51.58%) 79(51.63%) 40(51.95%)

>2.0 cm 95(12.39%) 95(12.39%) 70(13.04%) 19(12.42%) 10(12.99%)

Nodule location

RU 273(35.59%) 273(35.59%) 192(35.85%) 53(34.64%) 24(35.06%)

RM 54(7.04%) 54(7.04%) 38(7.08%) 9(5.88%) 5(6.49%)

RD 129(16.82%) 129(16.82%) 89(16.57%) 27(17.65%) 13(16.88%)

LU 192(25.03%) 192(25.03%) 132(24.67%) 38(24.83%) 19(24.69%)

LD 119(15.52%) 119(15.52%) 85(15.83%) 26(17.00%) 13(16.88%)

DC, invasive ductal carcinomas; IPC, invasive papillary carcinomas; IC, intraductal carcinoma; PCM, plasma cell mastitis; GM, granulomatous mastitis; RU, right-up lobe; RM, right-middle
lobe; RD, right-down lobe; LU, left-up lobe; LD, left-down lobe.
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The interpretation ways Pathological examination results

NLM (nodules) Malignant breast tumors (nodules)
Intermediate-aged physician NLM 216 138
Malignant breast tumors 39 374
Senior physician NLM 220 62
Malignant breast tumors 35 450
Al NLM 83 17

Malignant breast tumors 16 109
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Intermediate-aged
physician

Senior physician
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Accuracy Sensitivity

(%) (%)
7692 8471
87.35 86.27
85.33 83.00

Specificity
(%)

73.95

87.89
87.20

Positive predicted
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61.02

78.01
83.84

Negative predicted
value (%)

90.56

92.78
86.51
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value

0.53

0.72
0.71

P-
value

<0.001

<0.001
<0.001
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Feature
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PTV_105PD_F2.GLCM25.333.7_Corr
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PTV_105PD_F8.ShapeMeanBreadth
PTV_105PD_radiomics_average
PTV_108PD_F1.GOH0.975Quantile
PTV_108PD_F2.GLCM25180.1Dissimilarity
PTV_108 PD_F8.ShapeNumberOfObjects
PTV_108PD_F2.GLCM2590.7_IV
PTV_108PD_radiomics_average
SKIN_20Gy.F2.GLCM25225.4Contrast
SKIN_20Gy.F8.ShapeConvexHullVolume3D
SKIN_20Gy.F8.ShapeMeanBreadth
SKIN_20Gy _radiomics_average
SKIN_30Gy_F2.GLCM25225.4Contrast
SKIN_30Gy_F4.ID_LocalRangeMax
SKIN_30Gy_F6.IHGaussFitl GaussStd
SKIN_30Gy_F1.GOH_MAD
SKIN_30Gy_F8.ShapeMax3DDiameter
SKIN_30Gy _radiomics_average

VIF

8.608
8.945
1.407
1.551
1311
4.364
1.208
1.080
1123
1.137
1277
1.831
1.292
1.301
1.425
3.749
1.827
7.401
4.326
1411
1.286
1.255
1.351
1.075
1.276

AUC

0.591
0.604
0.510
0.544
0.576
0.566
0.592
0.570
0.587
0.583
0.588
0.574
0.606
0.568
0.584
0.570
0.554
0.582
0.569
0.577
0.613

0.641

0.591

0.655
0.615

95%CI(DeLong)

0.524-0.658
0.537-0.670
0.441-0.577
0.476-0.612
0.507-0.644
0.497-0.632
0.525-0.659
0.502-0.637
0.520-0.655
0.516-0.650
0.519-0.656
0.506-0.642
0.540-0.672
0.500-0.636
0.516-0.652
0.503-0.637
0.486-0.622
0.515-0.650
0.501-0.636
0.510-0.645
0.546-0.680
0.576-0.706
0.524-0.658
0.59040.719
0.549-0.682
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Type-
GBDT

Training-set

Validation-
set

Folds

RD 2
+/Non-
RD 2+
RD 2
+/Non-
RD 2+

1-toldsModel-1

0.830
95% CI: 0.777-0.884
(DeLong)

0.725

95% CI: 0.587-0.863
(DeLong)

2-foldsModel-2

0.839
95% CI: 0.788-0.891
(DeLong)

0.743

95% CI: 0.611-0.877
(DeLong)

3-tfoldsModel-3

0.786
95% CI: 0.727-0.845
(DeLong)

0.816

95% CI: 0.705-0.927
(DeLong)

4-foldsModel-4

0.802

95% CI: 0.744-0.861
(DeLong)

0.748

95% CI: 0.618-0.879
(DeLong)

5-toldsModel-5

0.811

95% CI: 0.754-0.867
(DeLong)

0.759

95% CI: 0.631-0.886
(DeLong)
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Variable
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Histologic type

T Stage

PR

Hormone therapy
EQD2_all

Lotion application

Coefficient

0.6983
0.1183
0.2709
0.1641

-0.2727
0.4601

-0.1483
0.7188

Wald Z

1.86
2.09
0.68
0.69
-0.73
1.35
-0.75
1.08

Pr (>|Z])

0.0628
0.0362
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Demographic and clinical characteristics

Grade < 1(n =70) Grade 2 2(n = 144) P value (Chi-squared/MUW test)

Age (mean (SD)) 50.04 (9.44) 49.48 (9.62) 0.804
BMI (mean (SD)) 22.94 (3.03) 23.25 (2.70) 0.773
Body temperature (mean (SD)) 36.67 (0.33) 36.70 (0.35) 0.692
Laterality (%) Left 4 (62.9) 2 (56.9) 0411
Right 6 (37.1) 2 (43.1)
Quadrant position (%) Upper-Outer 7 (24.3) 3 (15.9) 0.207
Upper-Inner 6 (37.1) 57 (39.6)
Lower-Outer 3(18.6) 54 (37.5)
Lower-Inner 4(20.0) 10 (6.9)
Tumor maximum diameter (cm) 1.97 (0.91) 228 (1.68) 0.759
(mean SD)
Tumor grade (%) I 5(7.2) 13 (9.0) 0.958
s 36 (51.4) 69 (47.9)
Jits 29 (414) 2 (43.1)
Histologic type (%) DCIS 10 (14.3) 13 (9.0) 0.114
IDC 59 (84.3) 124 (86.1)
1LC 1(14) 5(3.5)
IMC 0(0.0) 1(07)
LCIS/DCIS 0 (0.0) 1(0.7)
Overall Stage (%) 0 4 (5.7) 9 (6.3) 0.189
I 14 (20.0) 16 (11.1)
A 17 (24.3) 31 (21.5)
1B 0(0.0) 1(0.7)
A 3(43) 12 (83)
B 18 (25.7) 30 (20.8)
ic 13 (18.6) 0 (27.8)
v 1(1.4) 5 (3.5)
T Stage (%) Tx~is 1(1.4) 4(2.8) 0.109
TO 3 (43) 5(34)
Tl 4 (5.7) 5(3.5)
T2 43 (61.4) 74 (51.4)
T3 17 (24.3) 48 (33.3)
T4 2(29) 8(5.6)
N Stage (%) 0 36 (51.4) 6 (45.8) 0.595
1 18 (25.7) 46 (31.9)
2 11 (15.7) 21 (14.6)
3 5(7.2) 1(7.7)
M Stage (%) 0 70 (100.0) 143 (99.3) 0.002
1 0 (0.0) 1(07)
CRP (mg/l) (mean (SD)) 227 (4.19) 2.36 (5.03) 0.876
ER (%) Positive 5 (78.6) 114 (79.2) 0.960
Negative 5(21.4) 0 (20.8)
R (%) Positive 0 (71.4) 112 (77.8) 0.312
Negative 0 (28.6) 32 (222)
HER2 (%) Positive 4 (20.0) 34 (23.6) 0.554
Negative 56 (80.0) 110 (76.4)
Surgery method (%) Lumpectomy 41 (58.6) 4 (58.3) 0928
Mastectomy 27 (38.6) 59 (41.0)
Reconstruction 2(28) 1(0.7)
Chemotherapy (%) No 3(18.6) 32(22.2) 0.541
Yes 7 (81.4) 112 (77.8)
Hormone therapy (%) No 4 (62.9) 77 (53.5) 0.195
Yes 26 (37.1) 67 (46.5)
EQD2_all (mean (SD)) 52.16 (5.18) 52.66 (4.16) 0.466
Lotion application (%) No 6 (8.6) 5(3.5) 0.115
Yes 64 (91.4) 139 (96.5)
PTV_mean (mean (SD)) 5098.71 (325.99) 5139.06 (317.50) 0.838
PTV_max (mean (SD)) 5773.97 (477.05) 5839.24 (454.27) 0.937
PTV_boost (%) Yes 41(58.6) 80(55.6) 0.678
No 29(41.4) 64(44.4)
SKIN_mean (mean (SD)) 3608.40 (493.26) 3587.22 (570.25) 0.730
SKIN_max (mean (SD)) 5447.94 (489.98) 5535.82 (464.63) 0.504
SKIN_V20 (mean (SD)) 87.26 (10.00) 85.65 (12.01) 0.316
SKIN_V30 (mean (SD)) 70.60 (14.74) 69.69 (15.31) 0.461
SKIN_V40 (mean (SD)) 44.59 (21.24) 43.83 (20.93) 0.626

SD, standard deviation; BMI, body mass index; DCIS, ductal carcinoma in situ; IDC, invasive ductal carcinoma; ILC, invasive lobular carcinoma; IMC, invasive mammary carcinoma; LCIS,
lobular carcinoma in situ; HER2, human epidermal growth factor receptor 2; ER, estrogen receptor; PR, progesterone receptor; EQD2_all,equivalent dose of all treatment phase at 2Gy/
fraction.
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Variable

Age

Sex
female
male
Laterality
left

right
Subtype
luminal A
luminal B
HER-2 OE
TNBC
ER
negative
positive
PR
negative
positive
HER-2
negative
positive
Tumor Size
<=20 mm
20-50 mm

>50 mm

N=1405 (%)

62 [52,71]

1378 (98.1)
27 (1.9)

690 (49.1)
715 (50.9)

1042 (74.2)
242 (17.2)
64 (4.6)
57 (4.1)

128 (9.1)
1277 (90.9)

274 (19.5)
1131 (80.5)

1099 (78.2)
306 (21.8)

793 (56.4)
469 (33.4)
143 (10.2)

SEER Cohort
Non-LNM LNM
n=687 (%) n=718 (%)

64 (55, 73] 59 [49, 69]
680 (99.0) 698 (97.2)
7 (1.0) 20 (2.8)
339 (49.3) 351 (48.9)
348 (50.7) 367 (51.1)
526 (76.6) 516 (71.9)
111 (16.2) 131 (18.2)
29 (4.2) 35 (4.9)
21 (3.1) 36 (5.0)
52 (7.6) 76 (10.6)
635 (92.4) 642 (89.4)
136 (19.8) 138 (19.2)
551 (80.2) 580 (80.8)
547 (79.6) 552 (76.9)
140 (20.4) 166 (23.1)
532 (77.4) 261 (36.4)
142 (20.7) 327 (45.5)

13 (1.9) 130 (18.1)

<0.001
0.027

0.905

0.134

0.061

0.837

0.238

<0.001

N=142 (%)

52.69 (10.22)

142 (100.0)
NA

81 (57.0)
61 (43.0)

51 (35.9)
91 (64.1)
NA
NA

3(21)
139 (97.9)

17 (12.0)
125 (88.0)

122 (85.9)
20 (14.1)

73 (51.4)
67 (47.2)
2(14)

External Validation Cohort

Non-LNM
n=47 (%)

56.13 (9.69)

47 (100.0)
NA

30 (63.8)
17 (36.2)

16 (34.0)
31 (66.0)
NA
NA

1(21)
46 (97.9)

4 (8.5)
43 (91.5)

41 (87.2)
6(12.8)

33 (70.2)
14 (29.8)
0 (0.0)

LNM
n=95 (%)

50.99 (10.10)

95 (100.0)
NA

51 (537)
44 (46.3)

35 (36.8)
60 (63.2)
NA
NA

2(2.1)
93 (97.9)

13 (13.7)
82 (86.3)

81 (85.3)
14 (14.7)

40 (42.1)
53 (55.8)
2(21)

0.004
NA

0.332

0.888

0.426

0.951

0.003

LNM, lymph node metastasis; HER2, human epidermal growth factor receptor2; TNBC, triple negative breast cancer; ER, estrogen receptor; PR, progesterone receptor. The bold values/
numbers mean: p value < 0.05. NA, Not Available.
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Model Training set Test set External validation cohort

AUC Brier Score AUC Brier Score AUC Brier Score

LR 0.745 (0.730-0.758) 0.204 (0.199-0.210) 0.775 (0.761-0.790) 0.191 (0.186-0.197) 0.703 (0.685-0.718) 0.221 (0.215-0.225)
Xgboost 0.761 (0.746-0.776) 0.202 (0.197-0.206) 0.813 (0.799-0.826) 0.186 (0.182-0.190) 0.700 (0.683- 0.716) 0.220 (0.216-0.225)
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Model SEN SPi PPV
1 Clin 185
Training cohort 0771 0.657 0.836 0.676 0.824
Test cohort 0472 0.75 0367 0441 0.688
2 Clin+Enlarge 190
Training cohort 0776 0.629 0.851 0.688 0814
Test cohort 0458 0.7 04 0438 0.667
3 MC+BMI+DP+OUQ+Enlarge 138
Training cohort 0736 0771 0.657 054 0.846
Test cohort 043 0.9 0.2 0429 0.75

Clin, clinical features; MC, menstrual cycle; BMI, body mass index; DP, diastolic pressure; HR, heart rate; OUQ, outer upper quarter; AUC, area under the receiver operating characteristic; SEN,
sensitivity; SPE, specificity; PPV, positive predictive values; NPV, negative predictive values.
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OR (95% CI) value
Clin
MC 0.36(0.12,0.99) -1.02 0.052
BMI 1.16(1.00,1.36) 0.15 0.053
DP 1.04(0.99,1.09) 0.04 0.099
HR 0.96(0.93,1.00) -0.04 0.041
CA153 1.06(0.98,1.15) 0.06 0.139
ouQ 2.52(1.02,6.48) 0.93 0.048
Clin+Enlarge
MC 0.39(0.13,1.08) 095 0074
BMI 1.15(0.99,1.35) 0.14 0.067
DP 1.04(0.99,1.09) 0.04 0.138
HR 0.96(0.93,1.00) -0.04 0.044
CA153 1.06(0.98,1.15) 0.06 0.165
ouQ 2.66(1.06,6.99) 0.98 0.040
Enlarge 1.51(0.53,4.57) 041 0453
MC+BMH-DP+OUQ+Enlarge
MC 0.51(0.19,1.30) -0.68 | 0157
BMI 1.12(0.98,1.29) 0.11 0.099
DP 1.03(0.98,1.08) 0.03 0228
ouQ 2.35(0.98,5.79) 0.85 0058
Enlarge 1.65(0.62,4.69) 0.50 0330

Clin, clinical features; MC, menstrual cycle; BMI, body mass index; DP, diastolic pressure; HR, heart rate; OUQ, outer upper quarter.
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age (mean (SD)) 55.96 (12.57) 56.25 (12.62) 55.40 (12.63) 0.746
Menstruation(0=no;1=yes) 0 31 (30.4) 7 (25.4) 14 (40.0) 0.174
1 71 (69.6) 50 (74.6) 21 (60.0)
BMI (median [IQR]) 22.70 [21.23, 24.99] 22.31 [20.59, 24.88] 24.14 [21.89, 25.04] 0.049
BMI=25 0 78 (76.5) 52 (77.6) 26 (74.3) 0.807
1 24 (23.5) 15 (22.4) 9(25.7)
Systolic (mean (SD)) 123.65 (15.78) 122,61 (14.69) 125.64 (17.75) 0.36
Systolic2140 0 89 (87.3) 60 (89.6) 29 (82.9) 0.361
1 13 (127) 7 (10.4) 6(17.1)
Diastolic (mean (SD)) 75.53 (9.98) 7432 (9.80) 77.83 (10.07) 0.092
Diastolic=90 0 94 (922) 63 (94.0) 31 (88.6) 0.441
1 8 (7.8) 4 (6.0) 4(11.4)
Diastolic=80 0 69 (67.6) 48 (71.6) 21 (60.0) 0.269
1 33 (324) 9 (28.4) 14 (40.0)
Heart rate (mean (SD)) 81.24 (14.27) 82.58 (14.82) 78.67 (12.98) 0.19
Heartrate=100 0 93 (91.2) 59 (88.1) 34 (97.1) 0.159
1 9 (8.8) 8 (11.9) 1(2.9)
CA153 (median [IQR]) 9.00 [6.40, 11.78] 8.30 [6.40, 11.05] 9.10 [7.35, 13.15] 0.184
CA153214 0 87 (85.3) 59 (88.1) 28 (80.0) 0.377
1 15 (14.7) 8(11.9) 7(20.0)
CA153220 0 96 (94.1) 65 (97.0) 31 (88.6) 0.177
1 6(5.9) 2 (3.0) 4(11.4)
CA153225 0 98 (96.1) 66 (98.5) 32(91.4) 0.116
1 4(39) 1(1.5) 3(8.6)
Lesion location(1=left;2=right) 1 57 (55.9) 37 (55.2) 20 (57.1) 1
5] 45 (44.1) 30 (44.8) 15 (42.9)
o'clock (0O=areola) 0 19 (18.6) 6(23.9) 3(8.6) 0.306
1 6(59) 4 (6.0) 2(5.7)
% 16 (15.7) 3 (194) 3(8.6)
3 7 (6.9) 3 (4.5) 4(11.4)
4 6 (5.9) 4 (6.0) 2(5.7)
5 3(29) 2 (3.0) 1(2.9)
7 7(6.9) 4 (6.0) 3(8.6)
8 4(3.9) 2(3.0) 2(5.7)
9 4(3.9) 2 (3.0 2(57)
10 15 (14.7) 0 (14.9) 5(14.3)
11 4(39) 2(3.0) 2(57)
12 11 (10.8) 3(4.5) 6(17.1)
Areola 0 83 (81.4) 51 (76.1) 32 (91.4) 0.067
Overall
102
1 9 (18.6) 6 (23.9) 3(8.6)
ouQ 0 57 (55.9) 42 (62.7) 15 (42.9) 0.062
1 45 (44.1) 25(37.3) 20 (57.1)
Size (median [IQR]) 1.54 [1.13, 2.06] 152 [1.14, 1.93] 1.64 [1.13, 2.17] 0.617
Size>2 0 74 (72.5) 52 (77.6) 22 (62.9) 0.16
1 28 (27.5) 15 (22.4) 13 (37.1)
Size=2.5 0 86 (84.3) 57 (85.1) 29 (82.9) 0.78
1 6 (15.7) 10 (14.9) 6(17.1)
Size>3 0 93 (91.2) 62 (92.5) 31 (88.6) 0.489
1 9 (8.8) 5(7.5) 4(114)
BIRADS category 3 37 (363) 24 (35.8) 13 (37.1) 0.695
4A 29 (28.4) 20 (29.9) 9(25.7)
4B 33 (32.4) 22 (32.8) 11 (31.4)
4C 3(29) 1(15) 2(5.7)
BIRADS 4B 0 73 (71.6) 47 (70.1) 26 (74.3) 0.818
1 29 (28.4) 20 (29.9) 9(25.7)
BIRADS 4C 0 69 (67.6) 45 (67.2) 24 (68.6) 1
1 33 (32.4) 22 (32.8) 11 (31.4)
BIRADS 5 0 99 (97.1) 66 (98.5) 33 (94.3) 0.27
1 3(29) 1(15) 2(5.7)
Elastography 2 4(39) 4(6.0) 0(0.0) 0.285
3 50 (49.0) 34 (50.7) 16 (45.7)
4 39 (38.2) 25 (37.3) 14 (40.0)
5 9 (8.8) 4(6.0) 5(14.3)
E3 0 52 (51.0) 33 (49.3) 19 (54.3) 0.68
1 50 (49.0) 34 (50.7) 16 (45.7)
F4 0 63 (61.8) 42 (62.7) 21 (60.0) 0.832 }
1 39 (38.2) 25 (37.3) 14 (40.0)
E5 0 93 (91.2) 63 (94.0) 30 (85.7) 0.268
1 9 (8.8) 4(6.0) 5(14.3)
CEUS BIRADS category 3 2 (20) 2 (3.0) 0(0.0) 0.478
4A 38 (37.3) 23 (34.3) 15 (42.9)
4B 27 (26.5) 20 (29.9) 7 (20.0)
4C 32 (314) 21 (31.3) 11 (31.4)
5 3(29 1(L5) 2(5.7)
4B 0 75 (73.5) 47 (70.1) 28 (80.0) 0.349
1 27 (26.5) 20 (29.9) 7 (20.0)
4C 0 70 (68.6) 46 (68.7) 24 (68.6) 1
1 32 (314) 21 (31.3) 11 (31.4)
Overall
102
5 0 99 (97.1) 66 (98.5) 33 (94.3) 0.27
1 3(29) 1(1.5) 2(5.7)
Enhanced model 0304
‘ 0 No-enhancement 1(1.0) 0(0.0) 1(2.9)
1 Hetro,hypoenhancement 5(4.9) 3 (4.5) 2(5.7)
2 Homo,hypoenhancement 9(8.8) 6(9.0) 3(8.6)
3 Hetero,hyperenhancement 60 (58.8) 40 (59.7) 20 (57.1)
4 Homo,hyperenhancement 25 (24.5) 18 (26.9) 7 (20.0)
5 isoenhancement 2(2.0) 0 (0.0) 2(5.7)
Model 3 0 42 (41.2) 27 (40.3) 15 (42.9) 0.835
1 60 (58.8) 40 (59.7) 20 (57.1)
Model 4 0 77 (75.5) 49 (73.1) 28 (80.0) 0.48
1 25 (24.5) 18 (26.9) 7 (20.0)
Model 5 0 100 (98.0) 67 (100.0) 33 (94.3) 0.116
1 2(2.0) 0 (0.0) 2(5.7)
Model 4/5 0 75 (73.5) 49 (73.1) 26 (74.3) 1
1 27 (26.5) 18 (26.9) 9 (25.7)
The enhancement size Equal 33 (32.4) 25 (37.3) 8 (22.9) 0.182
Enlarged 69 (67.6) 42 (627) 27 (77.1)
Border Well-defined 83 (81.4) 54 (80.6) 29 (82.9) 1
Tll-defined 19 (18.6) 13 (19.4) 6(17.1)
Shape Regular 12 (11.8) 10 (14.9) 2(5.7) 0.211
Trregular 90 (88.2) 57 (85.1) 33 (94.3)
Wash-in Obsent 22 (21.6) 3(19.4) 9 (25.7) 0.46
Present 80 (78.4) 54 (80.6) 26 (74.3)
Wash-out Obsent 100 (98.0) 65 (97.0) 35 (100.0) 0.545
Present 2(2.0) 2 (3.0) 0(0.0)
Crab-like sign Obsent 53 (52.0) 37 (55.2) 16 (45.7) 0.408
Present 49 (48.0) 30 (44.8) 19 (54.3)
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“Dract (¢Gy) Dineory (¢Gy) [%diff] (%)

P1 213.30 211.31 0.94
P2 209.53 208.52 0.48
P3 206.37 203.16 1.58
P4 208.40 205.86 1.23
P5 211.01 209.38 0.78
P6 207.71 208.41 0.34
P7 209.57 210.86 0.61
P8 205.29 204.55 0.36
P9 210.66 21253 0.88
P10 212.18 209.03 1.51
P11 211.63 209.92 0.81
P12 210.70 211.09 0.18
P13 208.51 207.75 0.37
P14 204.44 204.83 0.19
P15 204.99 206.63 0.79
P16 209.53 207.75 0.86
P17 208.46 208.80 0.16
P18 207.51 206.73 0.38
P19 214.11 211.01 1.47
P20 212,51 208.42 1.96
P21 209.61 208.92 0.33
P22 212.90 208.59 2.07
P23 204.14 206.03 0.92
P24 211.46 211.59 0.06
P25 205.04 209.14 1.96
P26 208.94 210.67 0.82
P27 214.42 211.36 1.45
Median (min-max) 209.53 (204.14-214.42) 208.85 (203.16-212.53) 1.77 (0.89-2.94)

“Dipeony theoretical radiation dose for chest wall skin; Dy, fact radiation dose for chest wall skin; [%diff] (the absolute percentage difference=100x (Duec- Dieory)/Dibeory)s the absolute
Jifferences between theoretical and fact doses at the skin surface:
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Grade 1, n (%)

Faint erythema, n (%)
Dry desquamation, n (%)
Both, n (%)

Grade 2, n (%)
PMD+MER, n (%)
MER+MED, n (%)
PMD+MER+MED, n (%)
Grade 3, n (%)

PE, n (%)

PE+CMD, n (%)

Grade 4, n (%)

Treatment interruption, n (%)

<10f

32 (13.9%)
6 (11.1%)
1(2.6%)

© o o o

48 (20.9%)
7 (12.9%)
4 (10.5%)

© o o o

16-20f

65 (28.5%)
17 (31.5%)
12 (31.6%)

4 (22.2%)
2 (22.2%)
0

1 (50%)
0
0

2 (50%)

21-25¢

84 (36.7%)
24 (44.5%)
21 (55.3%)

4 (77.8%)
7 (77.8%)
5 (100%)

1(50%)
5 (100%)
0
2(50%)

PMD, patchy moist desquamation; MER, moderate erythema; MED, moderate edema; CMD, confluent moist desquamation; PE, pitting edema.

Total patient

321(89.2%)
229 (71.4%)
54 (16.8%)
38 (11.8%)
32(8.9%)
18 (56.2%)
9 (28.2%)
5 (15.6%)
7 (1.9%)
2 (28.6%)
5 (71.4%)
0
4 (1.1%)
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Detection rate (%) of different false positives (FPS)

0 05 1 1.5 2 25 3 35 4

VD category 2* 3 538 60 64.2 67.8 69.2 70.7 72.4 74.7
VD category 3* 38 54.9 64.7 68.5 71.9 739 759 78.1 797
VD category 4/5 133 858 % 932 94.4 94.7 95.3 9.2 9.5
EVD category 2# 02 55 68.1 74.4 789 82.6 85.6 87.3 88.4
EVD category 3# 09 472 575 61.7 66.7 69.6 71.6 733 74.7
EVD category 4/5 11 839 88.1 89.8 92.4 94.9 95.8 95.8 95.8

“IVD category 2 VS IVD category 4/5, P < 0.001, IVD category 3 VS IVD category 4/5, P < 0.001, #EVD category 2 VS EVD category 4/5, P < 0.001. # EVD category 3 VS EVD category 4/5,
P<0.001.
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Number of each size

o- 5- 10- 15- 20- 25- 30- 35- >40 z P
VD category 2 or 3 123 406 240 99 62 24 11 8 27 0397 0,691
EVD category 2 or 3 264 1021 382 101 36 9 1 7 3
IDV category 4 or 5 1 28 51 39 29 12 9 1 8 0708  0.479
EVD category 4 or 5 0 8 23 21 23 11 11 2 13
VD detection 55(44.4)  325(747) 238(81.8)  123(89.1) 86(94.5) 34(944)  19(95) 8(889) 34(97.1) 0177  0.860
EVD detection 102(38.6) 733(712)  323(79.8) 108(885) 55(932)  20(100)  12(100)  9(100)  16(100)
VD o detection 69(556) 110(253)  53(182)  15(10.9) 5(5.5) 2(5.6) 1(6) 1(14) 129 0489 0625
EVD no detection 162(61.4) 296(28.8)  82(20.2) 14 (115 468 00 00 00 00

*There is no difference between VD and EVD. But the detection rate of different sizes is different.
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PTV

*Dinins Gy
Dinax, ¢Gy
Dinean, €GY
Dose, cGy
Dy, cGy
Dogy, cGy
Dsons <Gy
HI

CI

3D, three-dimensional; PTV, planning target volume; HI, homogeneity index ((D20-Dag)/Dsox); Cl, conformity index; PRV, planning organs at risk volume.

Mean value

4932
5259
5131
5021
5251
4977
5134
0.05
99.91%

OARs

Ipsilateral lung

Heart

Spinal Cord
Spinal Cord PRV

Dineans €Gy
Vio
V40
Dinaw €GY
Dinas, <Gy

Mean value

1017
38.80%
19.56%
12.54%

438
1.42%
0.30%

81
88

*Dinin, minimum dose of the target volume; D, maximum dose of the target volume; D,,,..,, mean dose of the target volume; Dyso,, the dose that covers 95% of the target volume.
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Pathology or follow-up Training set (n = 3,883) testing set (n = 912) IVD (N = 1,178) EVD (N = 1,936)
Malignant invasive carcinoma (non-special type)(B5) 196 46 143 51
invasive lobular carcinoma(B5) 9 3 3 1
Ductal carcinoma in situ(B3) 1 4 13 4
Other types of breast cancer 5 1 2 1
benign papilloma 24 9 6 2
Fibroadenoma 413 153 71 52
hyperplasia 71 15 12 9
cyst 57 11 g 4
Other 5 2 4 1
More then 2-years follow-up 3,092 695 917 1,811
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Skin follow-up (n = 360)

Age (years)

Median (range) 49 (24-70)
Lesion sites

Left, n (%) 199 (55.3%)

Right, n (%) 161 (44.7%)
pT;.4-stage

T, n (%) 41 (11.4%)

Ty, n (%) 48 (13.3%)
pN,_3-stage

Ny, n (%) 95 (26.4%)

N3, n (%) 86 (23.9%)
pT1,Ny, n (%) 142 (39.4%)

age <40 y, n 20

ER-/PR-, n 42

HER2+++, n 59

G3,n 70

LVL n 22
Tumor stage

11A, n (%) 36 (10.0%)

1IB, n (%) 107 (29.7%)

1IIA, n (%) 99 (27.5%)

1B, n (%) 32 (8.9%)

1IC, n (%) 86 (23.9%)
Breast Reconstruction

With, n (%) 41 (11.4%)

Without, n (%) 319 (88.6%)

pT-stage, pathologic tumor stages; pN-stage, pathologic node stages; G3, histologic grade
[1; LVI, lymphovascular invasion; ER-,estrogen receptor negative; PR-, progesterone
receptor negative; HER2+++, human epidermal growth factor receptor 2 overexpression.
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% %
PFS HR(95%Cl)  Weight oS HR(95%Cl)  Weight
Taxanes plus other drugs vs taxanes Taxanes plus other drugs vs taxanes :
Kim (2017) _— 060 (0.37,098) 1.81 Schmid (2020b) —_— 061(037,099) 174
Schmid (20200) —_—— 0.74/(0.50, 1.08) 279 Dent (2021) — 080(050,1.28) 1.90
Cortes (2019) — 080(0.69,092) 1265 Goldstein (2021) —_— 1.00(068,1.15) 585
‘Schmid (2020a) —— 080(0.69,092) 1265 Wiles (2021) —— 112(0.88,143) 678
Brufsky (2021) e 0.73(0.43,1.24) 155 Cortes (2019) —— 084(069,102) 10.09
Annelot (2021) —_— 060(0.33,1.08) 125 Schmid (2020a) —— 086(0.72,1.02) 12.39
Miles (2021) — 086 (0.70, 1.05) 8.09 Kim (2017) —_— 053(026,1.10) 082
Goldstein (2021) —_— 1.14(0.71,181) 1.95 Brufsky (2021) — 1.18(0.73,191) 182
Iwata (2019) —_— 0.75(0.52, 1.10) 294 Iwata (2019) —_— 1.05(061,1.81) 143
Schmid (2018) G 080(0.69,092) 1265 Schmid (2018) —_—— 084(069,1.02) 10.09
Narayan (2020) e 0.79(0.68,092) 11.94 Narayan (2020) —— 086(0.72,1.02) 12.39
Emens (2021b) 079 (069, 091) 1321 Emens (2021a) —— 087(075,1.02) 1535
Emens (2021a) —_— 063(0.50,0.79) 6.75 Emens (2021) e 084(071,100) 1276
Subtotal (-squared = 0.0%, p = 0.689) 079 (0.74,083) 90.21 Subtotal (-squared = 9.3%, p = 0.352) & 088(082,094) 93.41
Taxanes plus other drugs vs other drugs Taxanes plus other drugs vs other drugs I
Yardiey (2018) 058(0.37,090) 215 Hu (2015) L 090(061,1.34) 262
Hu (2015) 069 (0.52,092) 488 Yardiey (2018) —— 080(052,1.22) 230
Brodowicz (2014) [ B am— 1.37(0.93,2.02) 276 Brodowicz (2014) ——— 1.33(0.80,219) 166
Subtotal (I-squared = 80.8%, p = 0. 005)<:> 0.82(051,1.33) 9.79 Subtotal (l-squared = 16.8%, p = 0.301) <> 0.96(0.73,1.26) 6.59
Overall (I-squared = 23.6%, p = 0.186) 078 (0.73,084) 100.00 Overall (-squared = 6.2%, p = 0.382) & 089(083,095) 100.00
NOTE: Weights are from randor effects analysis | . NOTE: Weights are from random efects analysis |
T T
33 1 303 % 1 385
C
Erents, Evenms, %

ORR RR(95%CI)  Treatment Control  Weight

Taxanes plus other drugs vs taxanes :

ForeroTorres (2011) e 074035155130 @21 419

Schmid (2020a) L 100(099,1.01) 450/451 4491451 5,06

Miles (2021) 122(0.99,150) 186/417 787213 498

Cortes 2019) e 1220084,170) 56151 4oast 481

Kim (2017) —_— 125(078,200) 2562 20052 486

i e e =&

Brufsky (2021) by s e 1.83(0.92,3.63) 18147 9043 429

wata (2019) —— 0870731025870 saes 501

Schmid 2018) — 122(107,139) 250450 2081449 503

Narayan (2020) —_— 160(1.25,204) 981185  61/184 494

Zhao (2018) —— 123(096,159)37U6 3045 494

Duan (2021) Eom . ol 1.39(1.09, 1.79) 46/56 3356 494

Taxanes plus otner drugs vs ofher drugs :

‘Subtotal (-squared = 99.0%, p = 0.000) o —

Hu (2015) —_— 074(060,093) 58115 T8N12 497
Yardiey 2018) ——— 167(123,228 4704 2985 488
Qu(2014) — 170(095,3062045 1245 447
Yardley (2018) —_— 090(059,135) 2461 2956 475
Brodowicz (2014) i —————  274(183,410)49563 1967 476
He 2018) —————+—————> 27q0as a0 @0 4B
Ye 2019) — 1321011734960 3760 493
Li@o21) —— 146(116,182) 51057 3557 496
Lu2021) — 1 062(038,100) 16551 2651 454
‘Subtotal (squared = 85.4%, p = 0.000) = 131(096,177) 3271545 2690554 4254
Overall (-squared = 98.6%, p = 0.000) B < 1.25(0.87, 1.80) 158712893 128412662 100.00

NOTE: Weighs are from random effects analysis !

120(073, 1.98) 12602348 10152108 57.46
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Events,  Events, %

Events,  Events, %

Total adverse events RR(%C)  Treatment Control  Weight Anemia RRE%C)  Treatment Comiol Weight
Juastia i e s Vs ot thigs ! Taxanes plus other drugs s other drugs :
Yardley (2018) - 098(094,1.03) 6364 6464 1415 ‘Symonds (2019) - 258 (0.13, 52.16) 2159 030 13
Brodowicz (2014) —— 152 (1.08, 2.13) 40/63 2867 047 By ' 031001, 090) 469 e .o
He (2018) - 0.75(0.19, 2.93) 3120 420 0.03 S H T
Ye@015) Py e, e e Hu (2015) 111089,138) 7218 6518 1329
Lu (2021) 122(099,150 451 51 121 Subtotal (-squared = 66 8%, p = 0.049) 077(026,226) ToR46 78217 2100
Hu (2015) (Excluded) 11118 118118 000
Yardley (2018) (Excluded) 600 6464 000 Taxanes pus other drugs vs taxanes
Subtotal (-squared = 79.2%, p = 0.001) 102(079,133) MB45 U453 1615 Wiles (2021) 095(074,121) 128432 68217 1313

Schmid (20208) 103(082,130) 112483 105437 1321
Taxanes plus other drugs vs taxanes. Annelat (2021) —_t_—a— 500(026,913) 215 015 138
Schmid (2020a) . 101(1.00,1.03) 450453 4281437 2429 Kim 2017) : 102041280 ¥ w2 74
Schmid (2020b) -~ 106(098,1.15) 6668 6470 617 Godstoin 2021) oI5 TS U 287
‘Goldstein (2021) -~ 104097,111) 6061 5780 851 — TENEE T S 1
Brufsky (2021) - 098092104 4647 4343 978 e il ampheyis S oh
Kim (2017) - 10309109 6U61 6062 1087 J
Emens (20212) . 101(100,103) 4760 420430 2628 Eteon GIZ18) b i Snsosin st
ota (2019) iy e O Narayan (2020) 969(556,16.90) 126451 13451 1066
Subtotal (-squared = 0.0%, p = 0.636) 102(1.00, 1.03) 1218/1228 1138/1167 6385 OO R = 0% = 000 o, 25 TEnaD) 20T TR
Overall (1-squared = 55 7%, p = 0 012) 1,02 (0.99,1.04) 1566/1673 1489/1620 100.00 Overall (-squared = 86.0%. p = 0.000) 134(093,1.94) 6172265 404/1963 10000
"NOTE: Weights arefiom random eflects analysis NOTE: Weights ae rom random efiscts analysis
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192 1 521 0104 9.1
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Tier 1 Indicator Secondary Indicator Importance score Coefficient of variation

X N
Functional value Pre-Admission Consultation services (A1.1) 4.75 577 0.121
) (A1) Early screening (A1.2) 5.00 1000 0
Outpatient medical records (A1.3) 4.88 .500 0.102
In hospital Health record (A2.1) 4.88 342 0.070
(A2) Inpatient records (A2.2) 4.94 250 0.051
Treatment tracking management (A2.3) 5.00 .000 0
Health guidance (A2.4) 4.88 342 0.070
After hospital Follow-up tracking (A3.1) 5.00 .000 0
(a3) Health education (A3.2) 4381 403 0.084
Emotional value Pre-admission(B1) Pre-visit consultation (B1.1) 4.56 512 0.112
(B) In hospital (B2) Case assessment (B2.1) 494 250 0.051
Psychological counselling (B2.2) 4.56 629 0.138
After hospital(B3) Recovery monitoring (B3.1) 4.94 .250 0.051
Patients’ homes (B3.2) 4.81 403 0.084
Family support (B3.3) 4.88 342 0.070
Value of efficiency Pre-admission Consultation services(C1.1) 4.75 .683 0.144
© (Cy)
In hospital Early warning of positive tests(C2.1) 4.94 .250 0.051
() Specialist referrals(C2.2) 469 602 0.128
Multidisciplinary medical teams(C2.3) 4.75 447 0.094
After hospital Follow-up(C3.1) 5.00 .000 0
(C3) Online consultation(C3.2) 481 403 0.084
Network nursing(C3.3) 4.56 727 0.159
Statistical analysis(C3.4) 4.88 342 0.070
Social values Pre-admission Treatment services(D1.1) 481 403 0.084
(D) (D1)
In hospital Health education(D2.1) 4.94 .250 0.051
(D2) Links to resources(D2.2) 4.75 447 0.094
Graded diagnosis and treatment(D2.3) 4.63 719 0.155
After hospital Online consultation(D3.1) 494 250 0.051
©3) Patients’ Home(D3.2) 488 342 0.070
First aid channel(D3.3) 4.50 816 0.181

Satisfaction surveys(D3.4) 481 403 0.084
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Rounds Levels Mean value of coefficient of variation W value x? df P

Round 1 Tier 1 indicators 0.069 0.178 8.538 3 0.036
Secondary indicators 0.070 0.084 37.412 28 0.110
Round 2 Tier 1 indicators 0.080 0.296 14.186 3 0.003
Secondary indicators 0.081 0.136 65.499 30 <0.001

W, Kendall cofficient of concordance; X, Chi-square test; df, degree of freedom.
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Items Number Percentage (%)

Title

Intermediate 12 66.7
Associate Senior 5 27.8
Senior 1 5.6

Academic qualifications

Bachelor’s degree 10 55.6
Master’s degree 7 389
Doctor 1 5.6
Fields of work

Clinical 10 55.6
Education 2 111
Management 6 333
Age (years)

<30 4 222
30~40 6 333
41~50 6 333
>50% 2 111
Years of work(years)

<10 7 389
10~20 5 27.8
21~30 5 278

>30 1 5.6
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Function

Functional value

Emotional value

Value of efficiency

Social values

Time

Pre-admission

In hospital

After hospital

Pre-admission

In hospital

After hospital

Pre-admission

In hospital

After hospital

Pre-admission

In hospital

After hospital

Sevices

Provide appointment booking service

If not

Push information about the treatment process

If not

Establishing a health record

If not

Individualised care plans

If not

Tracking Management

If not

Prevention and management of complications

If not

Dietary and lifestyle guidance

If not

Targeted health education

If not

Management of concomitant symptoms during treatment and rehabilitation
If not

Out of hospital follow up

If not

Health education for carers

If not

Promote online health education knowledge

If not

Contact the medical team online at any time for a consultation
If not

Provide a dedicated person (case manager) for long-term follow-up
If not

Regular assessments by case managers

If not

Multiple approaches to psycho-emotional support

If not

Provide case manager contact details

If not

Patient Exchange Platform

If not

Real-time online consultation

If not

Case managers to book specialist appointments for you
If not

Special Disease Process

If not

Hospital access information support

If not

Full rehabilitation needs assessment

If not

Information on Venous Access Maintenance Clinics and Community Maintenance Sites

If not

Regional medical referrals

If not

Nurse visits

If not

Teleconsultation

If not

Green channel to medical treatment

If not

Provide individualised guidance to enhance patients’ ability to manage their own rehabilitation
If not

Health Education Seminar Live Event

If not

Provide addresses and contact numbers of health care centres and communities in each district and county
If not

Provide contact details for social assistance agencies (e.g. Cancer Relief Foundation)

If not

X+$

4.60 = 0.603
277 + 1436
4.53 + 0.631
2.76 + 1381
4.56 + 0.662
2.85 + 1.415
4.54 + 0.587
2.84 £ 1.353
4.57 £ 0.577
275 + 1.398
4.54 £ 0.617
274 1351
4.54 + 0.609
270 £ 1.352
4.55 + 0.629
276 + 1.358
4.54 + 0.580
2.78 + 1.357
4.51 + 0.632
276 + 1.338
4.48 + 0.684
292 +3.104
4.49 + 0.678
2.77 £ 3.750
4.56 + 0.607
272 £ 1.365
4.54 + 0.631
2.76 + 1.365
4.56 + 0.608
2.74 £ 1.370
4.52 £ 0.617
2.96 + 3.506
4.52 + 0.638
274 £ 1.361
4.55 + 0.594
279 +1.338
4.52 + 0.596
2.74 + 1.358
4.52 + 0.617
275 + 1.366
4.79 + 3370
2.75 + 1.370
4.54 + 0.580
2.78 + 1341
4.56 £ 0.600
2.84 +1.397
442 +0.730
279 £ 1.322

4.42 £ 0718
2.77 £ 1.320
4.41 £ 0.697
2.85 £ 1.312
4.46 + 0.664
2.83 £ 1.342
4.55 £ 0.601
2.69 + 1.372
4.70 £ 2.016
2.77 £ 1337
4.51 £ 0.618
2.78 + 1.344
4.49 + 0.652
279 + 1.332
4.48 + 0.678
2.81 + 1336
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Seroma
composition

Seroma on
cell lines

Seroma on
primary
cells

Method

Hematological and biochemical analysis of 3 or 4-day seroma from 18
BC patients undergoing mastectomy with complete axillary clearance or
wide local excision.

Quantitative assessment of CEA and CK-19 in 24h seroma from 126 BC
patients.

Wound fluid injection near the tumor site in syngeneic BC xenografts in
mice.

Evaluating proteomic profile of 24h seroma from 45 BC patients.

Assessment of 80 cytokines, chemokines, and growth factors in 1 or 2-
week seroma from 59 patients with benign or malignant lesions.

Assessment of 34 chemokines, cytokines, and growth factors in 24h
seroma collected from 27 BC patients.

Quantitative analysis of the factor composition of 48h seroma from 38
BC patients.

Analysis of immune cell populations and cytokines in 24h seroma from
42 patients.

Evaluating proliferative effects of 24h seroma from 13 BC patients on
SKBR-3, MDA-MB361, MDA-MB-453, MDA-MB-231, MDA-MB435,
and MCE-7 cell lines in 2D system.

Evaluation of cell growth and motility in MCF-7, T47D, MDA-MB-453,
MDA-MB-231, and SKBR-3 cell lines under 24h seroma from 45 BC
(IORT and non-IORT) patients in 2D and 3D systems.

Evaluation of proliferation in MCF-7, HCC1937, and under treatment of
24h or 48h seroma from 30 patients (in 3 groups) in 2D system.
Evaluation of clonigenic and long-term proliferation effects of 24h
seroma from 30 BC (IORT and non-IORT) patients on MCF-7 cell line
in 2D system.

Evaluation of cancer stem cell phenotype in MDA-MB-231, BT-20,
MDA-MB-468, SK-BR-3, BT-549, BT-474, MCF7, and T47D cell lines
under seroma treatment from 44 BC patients (IORT and non-IORT).

Evaluation of mammosphere formation in BT-474, MDA-MB-231,
MDA-MB-468, and MCF-7 cell lines under treatment of 24h seroma
from BC patients in 2D system.

Evaluation of apoptosis pathways in MCF-7 cell line under treatment of
7-day seroma from BC patients (IORT and non-IORT).

Evaluation of proliferation and migration of MDA-MB-231, HCC1937,
BT-549, SKBR-3, T-47D and, MCF-7 under 24h seroma treatment from
27 BC patients in 2D system.

Measurement of the level of breaks double-strand DNA, apoptosis
induction and the changes in DNA repair associated gene expression in
MDA-MB-468 and MCF-7 cell lines under 48h seroma from 16 BC
patients (IORT and non-IORT) in 2D system.

Evaluation of changes in CSC phenotype and EMT in MCF-7 and
MDA-MB-468 cell lines under 48h seroma from 16 BC patients (IORT
and non-IORT) in 2D system.

Microarray analysis of biological processes in MDA-MB-468 under 48h
seroma from 43 BC patients (IORT and non-IORT) in 2D system.
Evaluation of behavior and secretome of MDA-MB-231 and
mesenchymal stromal cells under 24h seroma from 42 BC patients
(IORT and non-IORT) in 2D system.

Evaluation of viability, proliferation, migration and invasion in MCF-7,
MDA-MB-231, and SK-BR-3 cell lines under treatment of 24h seroma
from 20 BC patients (IORT and non-IORT) in 2D system.

Evaluation of survival rates in cells from human-derived BC cells under
3-day 21 seroma treatment in 2D system.

Evaluation of proliferation and migration in human-derived BC tumor
spheroids from 4 specimens under seroma treatment from the patients
in 3D microfluidic system (IORT and non-IORT) using time laps
imaging.

Evaluation of cell viability of human-derived BC tumor spheroids from
23 specimens under seroma treatment from the patients in 3D
microfluidic system.

Evaluation of cell viability and measurement of the expression levels of
apoptosis and migration/invasion-related proteins in human-derived BC
tumor spheroids from 20 specimens under treatment of seroma from
the patients (IORT and non-IORT) in 3D microfluidic system.

Results

Reflection of the exudative phase of wound healing in
seroma.

The high sensitivity of CEA and CK-19 for detection of
locoregional recurrence in BC patients.

Enhanced tumor growth.

Increase of 10 and decrease of 20 tumor progression
associated proteins in IORT-seroma compared with non-
IORT-seroma.

Increased expression levels of key tumor-triggering
cytokines and decreased expression of important tumor-
inhibiting factors in seroma from BC patients compared
to seroma collected from non-cancer patients.

Association of the composition of seroma with molecular
features of the excised tumor.

Decreased level of IL-7, IL-8, MIF, IL-13, and TNF-beta
and increased level of CTACK, HGF, G-CSF, TNF-alpha,
and IL-1 beta in IORT-seroma compared with non-IORT-
seroma.

No significant difference in cell count between IORT
group and control. Increased level of Leptin and decreased
level of GRO-0, IL-1PB, and Oncostatin-M in IORT group.

Induction of proliferative effects in all the cell lines.

Stimulation of proliferation, invasion, and migration of
BC cell lines under seroma treatment. Abrogated
stimulatory effects under IORT-seroma treatment.

Induction of proliferation in HCC1937 and MCF-7 in a
similar manner.

No significant difference between IORT- and non-IORT-
seroma groups.

Decreased CSC population in IORT-seroma affected in
cell lines of MDA-MB-468 and BT-549. Inhibition of CSC
populations in both IORT- or non-IORT-seroma affected
MCF-7 cell line.

Stimulation of mammosphere formation and also STAT3
activation.

Activation of extrinsic apoptosis pathway by IORT-
seroma.

Stimulation of proliferation and migration in all the cell
lines over 4 days.

Induction of breaks in double-strand DNA and enhanced
expression of DNA repair-associated genes in IORT-
seroma group.

Stimulation of phenotype of CSC and EMT process in
non-IORT group and abrogation of them in TORT group.

Common biological processes in both IORT- and non-
IORT groups.

Reduced proliferation of MSCs, capacity of wound healing
and activity of chemotactic migration under [ORT-seroma
treatment.

Decreased number of colonies in IORT-seroma affected
MCE-7 cells. No significant difference between two groups
in expression levels of P21, P16 and Cas3.

Increased survival rates and promote drug resistance in
seroma-treated cells.

Increased proliferation and migration rate in IORT-
treated group compared with control.

Induction of cell viability in 22 specimens under seroma
treatment compared with control. Inhibition of cell
viability under seroma treatment in 1 specimen compared
with control.

No significant difference in the percentage of live cells in
IORT-seroma and non-IORT-seroma groups. No
significant difference in Cas3 expression level between two
groups. Higher level of E-cad expression in IORT group.
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etal.
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etal.
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etal.
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etal.

Studies are divided into 3 sections, including seroma composition studies, effects of seroma on BC cell lines, and studies on the effects of seroma on primary tumor tissues.
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surgery

IORT

Patient
Numbers

88

187

40

A meta-
analysis
including
11 RCTs

88

202

99

214

87

100

121

797

160

90

Standards are
regarding
drains (days
after surgery)

24 hours compared
to 5 days after

surgery

24h after surgery

off-drain day T
compared to day IIT
post-surgery

Early drain removal
was defined between
postoperative days
1-7 and late drain
removal was
dependent on the
output

The Redon drain
and the Quadrain
drain with a mean
duration of drains
in situ 42.6 h and
50.1 h respectively

The mean
postoperative day of
drain removal is 14
days (9 patients had
no drainage in a
surgical modality)
Two groups,
including quilting
sutures with and
without wound
drainage

Early removal (4-5
days postoperative)
compared to
output-based drain
removal when

Average day 5 (1-5)
postoperative as the
study group and
Day 6 (3-15) as the
control group

Early (day 4) to late
(day 10) drain
removal

Short (24 h) versus
long-term (up to 7
days) postoperative
drainage

5-day vs. 8-day
groups

IOERT vs whole
breast irradiation
groups

5.9 days in IORT"
versus 5.0 days in
the IORT" groups

IORT vs TARGIT E
groups

Standards are
regarding drains
(volume of seroma)

Higher seroma formation in
the 1-day group (161.25 ml)
compared to the 5-day group
(7.50 ml) one week after
surgery

Three groups (10ml, 20ml,
30ml)

Mean 157.31 ml in 1-day
compared to 149.58 ml in 3-
day post-operative drain
removal

20mL/24h to 50mL/24h

(The mean total seroma

formation was 326 mL in
3d)

The standard of drain
removal was less than 30ml/
24h. mean volume was

12.3 ml for the Redon drain
and 13.0 ml for the Quadrain
drain (Not different for both
drains)

Drain removed when the
drainage fluid volume was
20 ml or less per day and the
total volume was 1456 ml

Less than 30 ml/day in the
early removal group. Total
volumes of fluid drained
were significantly lower in
the early-removal group
(median 752 ml versus
1745 ml)

Drain removal when was less
than 50 ml/24 h. Mean total
volume was 351 ml in the
study and 416 ml in the
control group

Drain removal when was less
than 30 ml/24h. Total
drainage volume was
significantly higher (1123ml)
in late than those with early
drain removal (571 ml)

Drainage removal when was
less than 50 ml/24h. No
significant difference was
seen in the mean volumes of
aspirations (213 ml in short
vs 186 ml in long-term
drainage)

Drain removal when was less
than 30 ml/24h. no
significant difference in the
volume of seroma drainage
between the two groups

179 patients (22.46% of
cases) who developed seroma

No difference between groups
in incidences of seroma

Seroma formation occurred
in 15 patients (16.5% of
cases)

Influence
on infection
rate or
wound
healing

The lower
frequency of
wound
infection in the
long-term
compared to
short-term
drainage
Wound
infection was
similar at
different drain
removal times

Early removal
did not
increase
surgical site
infection

No difference
in surgical site
infections
between the
two groups

Relative higher
risk of seroma
infection
without
drainage

The incidence
of postoperative
infection
significantly
decreased
without
postoperative
drain

No negative
influence on
the wound
infection rate in
the early
removal group

No significant
difference

between the
two groups

The lower
wound
infection rate in
early removal

Lower
Infectious
complications
in short-term
drainage

No negative
effect on the
wound
infection in
both group

Surgical wound
infection in one
patient

No difference
in infection

15 patients
(16.5% of
cases) had an
infection

Improves quality of life
or not

Quality of life is better in the
long-term (5 days) drainage

Yes, the Significantly better
quality of life in the 20 mL
group

Early drain removal reduces the
symptoms felt by breast cancer
patients related to drain.

Early drain removal has no
proven clinical benefit except
the reduction of hospital stays

Did not differ concerning either
efficacy or safety

surgical modality affected the
quality of life post-operation

(Postoperative drain could be
omitted based on the operation
technique)

Yes, Early drain removal was
associated with a significant
improvement in quality of life

Yes, no adverse effect on the
quality of life in early drain
removal

No negative effect on the quality
of life in early drain removal so
it was preferred by patients

Yes, short-term drainage
provided a better quality of life
by decreasing post-operative
complications

Yes, 5-day postoperative drain
removal allowed for better
utilization of community
resources without adversely
impacting patients’ physical or
psychological welfare or
outpatient facilities

Yes, by providing long-term

efficacy and acceptable cosmetic
result

Yes, IORT safely delivers
radiation therapy with
acceptable acute toxicity, is well-
tolerated

Yes. IORT had promising
results in saving healthy tissue
and local control

Outcome

long-term drainage
reduces the risk of
seroma formation
compared to short-term

The 20 mL group had
relatively low
postoperative
complication rates

Early drain removal
does not reduce
seromas incidence
seven days after
discharge

Early drain removal
shortens hospital stay
length while increasing
the risk of seroma
formation

Not significantly
different concerning
duration in the surgical
site, post-operative
pain, seroma volume,
and cosmetic result

A high rate of seroma
formation and
prolonged fluid
discharge were observed
without drainage

The group without a
postoperative drain had
lower seroma incidence
and wound
complications
compared to the group
with a drain

Early drain removal has
no negative effect on
clinical outcomes with
considerably lower
home care nursing

Early drain removal is
safe with a shorter
hospital stay despite the

slightly increased
chance of seroma
formation

Shorter hospital stay
and slightly higher risk
of seroma formation in
early drain removal

Short-term (24 h)
drainage was associated
with a shorter hospital
stay, a higher risk of
seroma formation, and
lower wound-related
complications

Five-day post-operative
drainage was as safe as
8-day however
increased the risk of
seroma formation
requiring aspiration

IOERT-boost improves
local control with 96.2%
disease-free survival
and reduces local
recurrence at long-term
follow-up (Mean 5
years)

No difference in terms
of drainage tube
removal time, length of
hospitalization, and
postoperative
complications

In the IORT group,
overall survival was
100% After a median
follow-up of 27.4
months, and the local
recurrence rate was
2.4%

Ref

Jafari
Nedooshan
] et al,, 2022
(90)

Wen N
etal, 2022
o1

Ramadanus
etal, 2022
92)

Shima H
etal, 2021
(47)

Schmidt G
etal, 2019
93)

Isozaki H
etal, 2019
(94)

Ten Wolde
Betal,
2019 (95)

Vos H
etal, 2018
(96)

Okada N
et al, 2013
©7)

Clegg-
Lamptey N
et al., 2007
98)

Baas-
Vrancken
Peeters M]
et al., 2005
99)

Gupta R
et al., 2001
(100)

Ciabattoni
et al, 2022
(101)

Hu X etal,
2020 (102)

d'Tlliers
etal, 2018
(103)





OPS/images/fonc.2022.997306/fonc-12-997306-g001.jpg
Breast lesions enrolled(n=813)

exclusion criteria

(1) Ultrasonic examination showed unclear horizontal and
vertical standard sections(n=16); (2) Unclear pathological
diagnosis or benign breast nodules(n=9); (3) Patients
suffering from breast-feeding mastitis(n=21).

pathologyically (biopsy or surgery) comfirmed lesions(n =767)

Mastitis group(n=255)

|

Malignant group(n=512)

l

(a) mammary duct ectasia / plasma
cell mastitis (n=158)

(b) idiopathic granulomatous mastitis
(n=97)

(a) invasive ductal carcinoma (n =509)
(b) invasive papillary carcinomas (n=2)
(c) ductal carcinoma in situ (n=1)
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Grade 1
Grade 2
Grade 3
Grade 4

During the
radiotherapy

321 (89.12%)
32 (8.89%)
7 (1.94%)

0

2-4 weeks after
radiotherapy

210 (58.33%)

97 (26.94%)

37 (10.28%)
16 (4.4%)
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Metrics UNet nnUNet Res-UNet

DSC 0.82 0.887 0.894

GPU memory usage in training 6 GB (batch = 8) 8 GB for normal model 11 GB (batch = 8)
32 GB for very big model

GPU, graphics processing unit.
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Science, Cochrane, Embase Library, CNKI, VIP and
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Records after duplicates removed (#=5134)

Identification
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Metrics Small Medium Large

Macro average 0.91 0.88 0.89
Weighted average 0.93 0.93 0.93
Accuracy 093
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Quantitative Mean of Mean of cystic  Minimum of Minimum of cystic Maximum of Maximum of cystic
parameters lesion component lesion component lesion component

Volume (mm?) 23,858.41 7,816.06 2,625.14 1292 253,526.11 128,501.66
Mean intensity 362.29 198.70 204.31 105.69 582.45 321.625
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Prediction
Volume (mm?) 9,333.08 + 13,409.19
Maximal diameter (mm) 27.41 + 1347
Minimal diameter (mm) 21.17 + 8.63

ground truth.

10,416.14 + 21,928.01
27.77 £ 12.55
21.57 £9.06

Intraclass correlation coetficient

0.840
0.952
0.964
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Metrics DSC 10U

Average 0.88 0.80
Standard deviation 0.13 0.15
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Geometric parameters

Maximum 3D diameter(mm)
3D mesh volume (mm®)
Minimal diameter (mm)
Maximal diameter (mm)

Volume (mm?)

GT, ground truth.

Predict

33.25
9,335.38
21.17
2741
9333.08

34.02
10,370.29
21.57
27.77
10416.14
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Classification Precision Recall Fl-score support

Small (<20 mm) 0.85 0.94 0.90 50
Medium (20-50 mm) 0.96 0.94 0.95 138
Large (>50 mm) 0.90 0.75 0.82 12
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Models

3D-Resnet 50

XGBoost Group elc2

XGBoost Group e3d

XGBoost Group e4c2

Radiologist 1
Radiologist 2

Resnet, residual network; AUC, area under the receiver operating characteristic curve.

Datasets

Training
Validation
Test
Training
Validation
Test
Training
Validation
Test
Training
Validation
Test

All data
All data

Sensitivity (%)

83.4
83.4
70.8
72.8
61.8
67.7
84.2
65.7
774
835
64.0
54.8
74.3
66.0

Specificity (%)

75.7
75.7
85.9
77.6
67.8
58.3
79.8
69.5
66.7
84.8
70.9
75.0
74.1
71.6

Accuracy (%)

76.6
75.5
76.0
922
69.3
54.6
96.7
67.0
65.5
98.7
67.7
60.0
742
68.4

F1 score

0.75
0.74
0.72
0.85
0.92
0.55
0.92
0.61
0.68
0.98
0.68
0.66
0.77
0.71

AUC

0.84
0.82
0.84
0.98
0.75
0.65
0.99
0.74
0.75
1.00
0.74
0.61
0.75
0.70
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Lesion type No. of lesions

Benign lesions 109 (57.4%)
Adenosis 32 (29.4%)
Fibroadenoma 28 (25.7%)
Papilloma 15 (13.8%)
Inflammatory process 13 (11.9%)
Other* 21 (19.2%)

Malignant lesions 81 (42.6%)
Invasive 67 (82.7%)
Ductal carcinoma in situ 14 (17.3%)

There were a total of 190 lesions. Unless otherwise indicated, data in parentheses are
percentage.

“The “other” category included enhancement around fat necrosis, fresh scar tissue,
pseudo angiomatous stromal hyperplasia, and other benign-appearing enhancement
because of focal or regional background enhancement.
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Characteristics

Patient number (n)
Age (years)

Range/mean + SD
Size of lesions (cm)

Range/mean + SD
BI-RADS (n)

3

4a

4b

4c

5

SD, standard deviation; BI-RADS, Breast Imaging Reporting and Data System.

Benign

109 (57.4%)
24-78
451 £11.2
0.32-4.47
1.28 £0.78

41 (37.5%)
49 (45.0%)
10 (9.2%)
5 (4.5%)
4 (3.7%)

Malignant

81 (42.6%)
35-82
56.0 + 10.1
0.34-4.54
1.97 £ 0.88

0 (0.0%)
13 (16.0%)
21 (26.0%)
18 (22.2%)
29 (35.8%)

<0.05

<0.05

<0.05





OPS/images/fonc.2022.951973/fonc-12-951973-g005.jpg
Net Benefit

04

03

02

0.1

0.0

3D-Resnet 50
XGBoost Group e3d
radiologist1
radiologist2

Al

None

High Risk Threshold





OPS/images/fonc.2022.951973/fonc-12-951973-g004.jpg
XGBoost Repeated Stratified KFold AUC - Training, Group e4c2

10

— mean
X max_mean(epoch=28, value=0.9994)
" 95% Confidence Interval

10

XGBoost Repeated Stratified KFold AUC - Validation, Group e4c2

— mean
% max_mean(epoch=28, value=0.7367)
95% Confidence Interval

00 + T T T T T
0 5 10 15 20 %
Epochs

1 3D-Resnet50 Repeated Stratified KFold AUC - Training

T
5 10 15 20 5
Epochs

3D-Resnet50 Repeated Stratified KFold AUC - Validation

— mean
% max mean(epoch=30, mean_value=0.8503)
1 95% Confidence Interval

00 + T T T

— mean

% max mean(epoch=29, mean_value=0.8199)
1 95% Confidence Interval

T T
0 5 10 15 20 5
Epochs

; F —

15 20 23
Epochs

‘,,A
53






OPS/images/fonc.2022.951973/fonc-12-951973-g003.jpg
sensitivity

ROC-Test(n=57)
10

0.8

<
()

<o
'S

3D-Resnet50(area = 0.8396)
XGBoost Group elc2(area = 0.6539)
0.2 XGBoost Group e3d(area = 0.7460)
XGBoost Group edc2(area = 0.6075)
Radiologistl(area = 0.7511)
Radiologist2(area = 0.6967)

0.0

0.6
1-Specificity





OPS/images/fonc.2022.984626/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.984626/fonc-12-984626-g001.jpg





OPS/images/fonc.2022.944569/table1.jpg
Pathology

invasive ductal carcinoma

ductal carcinoma in situ
mucinous carcinoma

mixed breast carcinoma
intraductal papillary carcinoma
invasive micropapillary carcinoma
invasive lobular carcinoma
malignant phyllodes tumor

Total

SLN, sentinel lymph node.

No. (%) of patients

SLN non-metastasis SLN metastasis
403(76.0%) 356(95.7%)
106(20.0%) 14(3.8%)

7(1.3%) 0
6(1.1%) 1(0.3%)
4(0.8%) 0
2(0.4%) 1(0.3%)
1(0.2%) 0
1(0.2%) 0
530 372

Total

759(84.2%)
120(13.3%)
7(0.8%)
7(0.8%)
4(0.4%)
3(0.3%)
1(0.1%)
1(0.1%)
902
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Variable

shape
oval
round
Irregular
orientation
parallel
not parallel
margin
circumscribed
indistinct
angular
micro lobulated
spiculated
echo pattern
anechoic
hyperechoic
isoechoic
complex cystic and solid
hypoechoic
posterior features
enhancement
no posterior features
shadowing
calcifications
rim calcification
no calcification
macrocalcification
microcalcification

architectural
distortion

no
yes

suspicious lymph
node
no
yes
duct changes
no
yes
hyperechoic halo
no

yes

SLN, sentinel lymph node.

Primary cohort (N=902)

SLN metastasis SLN non-metastatic

(N=372) (N=530)
0 0
4(1.1%) 33 (6.2%)
368 (98.9%) 497 (93.8%)
201 (54.0%) 368 (69.4%)
171 (46.0%) 162 (30.6%)
5 (1.3%) 20 (3.8%)
24 (6.5%) 117 (22.1%)
6 (15.1%) 266 (50.2%)
75 (20.2%) 93 (17.5%)
212 (56.9%) 34 (6.4%)
0 0
0 0
76 (20.4%) 111 (20.9%)
8(2.2%) 17 (3.2%)
288 (77.4%) 402 (75.9%)
9 (15.9%) 144 (27.2%)
69 (18.5%) 164 (30.9%)
244 (65.6%) 222 (41.9%)
10 (2.7%) 7 (1.3%)
75 (20.2%) 275 (51.9%)
6 (17.7%) 231 (43.6%)
221 (59.4%) 17 (3.2%)
23 (6.2%) 319 (60.2%)
349 (93.8%) 211 (39.8%)

110 (29.6%) 487 (91.9%)

262 (70.4%) 43 (8.1%)

159 (42.7%) 264 (49.8%)
213 (57.3%) 266 (50.2%)
247 (66.4%) 355 (67.0%)
125 (33.6%) 175 (33.0%)

- Validation cohort (N=50)
Value

SLN metastasis SLN non-metastatic
(N=22) (N=28)
<0.001
0 0
5 (22.7%) 3 (10.7%)
17 (77.3%) 25 (89.3%)
<0.001
9 (40.9%) 18 (64.3%)
13 (59.1%) 10 (35.7%)
<0.001
0 0
0 4(14.3%)
2(9.1%) 6 (21.4%)
4 (182%) 10 (35.7%)
16 (72.7%) 8 (28.6%)
0.613
0 0
0 0
3 (13.6%) 9 (32.1%)
2(9.1%) 1(3.6%)
17 (77.3%) 18 (64.3%)
<0001
0 6 (21.4%)
8 (36.4%) 11 (39.3%)
14 (63.6%) 11 (39.3%)
<0.001
0 1 (3.6%)
1 (4.5%) 12 (42.9%)
8 (36.4%) 10 (35.7%)
13 (59.1%) 5 (17.8%)
<0.001
4(182%) 19 (67.9%)
18 (81.8%) 9(32.1%)
<0.001
6 (27.3%) 16 (57.1%)
16 (72.7%) 12 (42.9%)
0.032
10 (45.5%) 17 (60.7%)
12 (54.5%) 11 (39.3%)
0.855
16 (72.7%) 20 (71.4%)
6 (27.3%) 8 (28.6%)

P-

Value

0.277

0.153

0.014

0.262

0.045

0.004

0.001

0.047

0.393

1.000
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Classifier LSTM CNN SVM KNN LDA LR NB RF MLP XGB

Average-AUC 0910 0.864 0.880 0.871 0.886 0.891 0.874 0.881 0.883 0.952
Average-Kappa 0717 0.652 0.672 0.656 0.691 0.702 0.624 0.706 0.698 0.763
Average- Accuracy 0.877 0.833 0.794 0.811 0.852 0.823 0.857 0.744 0.779 0.891

AU, area under curve; SVM, support vector machine; XGBoost, extreme gradient boosting; RF, random forest; LDA, linear discriminant analysis; LR, logistic regression; NB, naive
bayesian model; KNN, k-nearest neighbors; MLP, multilayer perceptron; LSTM, long short-term memory; CNN, convolutional neural network.
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Classifier

LSTM
CNN
SVM
KNN
LDA
LR
NB
RF
MLP
XGB

AUC

0.901
0.859
0.846
0.860
0.871
0.889
0.858
0.893
0.826
0916

Accuracy

0.826
0.826
0.788
0.788
0.827
0.800
0.846
0711
0.750
0.846

Sensitivity

0.957
0.826
0.739
0.739
0.780
0.826
0.826
0913
0.696
0.870

Specificity

0.724
0.828
0.828
0.828
0.862
0.759
0.862
0.552
0.793
0.862

Fl-score

0.830
0.809
0.756
0.756
0.800
0.800
0.826
0.737
0.711
0.826

AUC, area under curve; SVM, support vector machine; XGBoost, extreme gradient boosting; R, random forest; LDA, linear discriminant analysis; LR, logistic regression; NB, naive
bayesian model; KNN, k-nearest neighbors; MLP, multilayer perceptron; LSTM, long short-term memory; CNN, convolutional neural network.
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