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Editorial on the Research Topic 


Personalized radiation therapy: Guided with imaging technologies


Over the years, with developments in technology and radiobiology, radiation therapy has evolved into a primary treatment method for many cancer patients with certain disease sites. However, in current radiotherapy (RT) practices, we are still treating each patient within a specific tumor type and stage with a common dose, ignoring the wide per-patient and per-tumor-sub-volume dose-response variations and missing the opportunity to dynamically modify the dose distribution based on tumor response (1). Radiation therapy (RT) efficacy is crippled by this lack of patient-specific treatment strategy. More and more studies have shown the value of personalized cancer treatments. Vendors and research institutes are also working on new treatment technologies with achieving personalized radiation therapy as one of the goals (2–5) Among all the newly introduced technologies, majority of them involves novel integration of imaging technologies. Such as, MR guided radiation therapy (MRgRT), biology-guided radiotherapy (BgRT) with onboard PET, CT guided RT, CBCT-guided RT with modern platform based on artificial intelligence (AI), and dedicated MR simulator for RT. In combination with the introduction of AI and radiomics into RT, online adaptive treatments and treatment response prediction are becoming practical to be included into clinical RT practice (6). The current issue highlights recent works in advancing personalized radiation therapy, specifically with the help of imaging guidance.

Among a number of proposals submitted, 19 of which were accepted for publication in the special issue. The accepted papers can be grouped in to the following three main directions: (1) importance of personalized radiation therapy; (2) image based treatment response prediction; (3) exploration of personalized treatment.


Importance of personalized radiation therapy

Iezzi et al. presented a study on evaluating the dosimetric importance of on-line adaptive for breast IMRT treatment. A strategy is also proposed to make automatic prediction based on daily CBCT if on-line adaptive is necessary for that specific fraction. Also targeting on breast cancer, Wang et al. introduced their study on the incidental irradiation to internal mammary node (IMN) for patients underwent different type of surgery, radical mastectomy vs. breast-conserving surgery, and different radiotherapy regimens. Their study came to the conclusion that surgery type was the influencing factor of dose to IMN with conventional radiotherapy strategy. This opens up a question: is it possible to achieve more optimal dose to IMN regardless of the surgery type patients received with personalized RT? Zhang et al. used a “Sphere-mask” optical positioning system (S-M_OPS) retrospectively analyzed the setup errors for a large group of patients with different disease sites. In addition to introducing the efficiency and setup accuracy of S-M_OPS, the study also highlighted the residual setup errors with different mainstream setup tools, which can be further accounted for by on-line personalized RT.



Image based treatment response prediction

Luo et al. introduced their model that is based on CT radiomics, clinical and dosimetric parameters to predict 1-year local control for lung cancer patients treated with SBRT. On the platform of low field MRgRT, Chiloiro et al. performed a study evaluating a “delta radiomics” approach to predict 2-year disease-free-survival (2yDFS) for rectal cancer patient undergoing neoadjuvant chemoradiotherapy (nCRT). For the same type of patients, Shi et al. investigated the usage of combined information of pretreatment blood biomarkers and MRI based morphological information to predict nCRT treatment response. Besides anatomical information, different medical imaging modalities can also provide functional information. Currently, anatomical change is still the main clinical criteria for treatment response evaluation. However, functional change, such as metabolism, cellular density, and vasculature, usually happens earlier than morphological changes (7–11) This is a highly desirable feature for treatment response prediction so that it can be used to improve treatment efficacy with early intervention. Zhou et al. performed a comprehensive review on the applications of functional imaging in liver-sparing RT. Kooreman et al. introduced an interesting study investigating longitudinal treatment response monitoring, using perfusion MRI techniques on a cohort of prostate patients. They evaluated two different perfusion MRI techniques, Intravoxel Incoherent Motion (IVIM) and Dynamic Contrast-Enhanced (DCE) MRI, finding significant correlations. This study highlighted the possibility of using IVIM as a non-contrast alternative perfusion MRI for longitudinal acquisition to achieve early treatment response prediction. For a cohort of head and neck patients, Chen et al. performed pre-treatment and weekly mid-treatment FDG-PET/CT acquisition during standard chemoradiotherapy. Tumor voxel dose-response matrix (DRM) constructed based on the serial FDG-PET/CT was proven to be a predictive tool for treatment response. Also with FDG-PET, Ji et al. developed a convolutional neural network (CNN) taking pre-treatment FDG-PET and spatial dose distribution as input to predict RT treatment outcome as a synthetic post-treatment FDG-PET, which can be used for adaptive RT decision making or on-line planning.



Exploration of personalized treatment

Personalized treatment is a broad definition, and the personalized portion can happen at different steps of the entire RT workflow. Hooshangnejad et al. introduced a novel patient-specific duodenal pacer simulator algorithm, which can serve as a decision support system to provide optimal spacer location for placement guidance. Ku et al. introduced a novel fiducial marker (FM) implantation procedure by adding a patient specific pre-implant planning and simulation step. For patients with invisible lung tumors treated on CyberKnife, this retrospective study proved that the additional step reduces the patient radiation exposure and increases the number of FMs inserted around tumors. Zhang et al. explored an augmented reality (AR) – assisted RT positioning system using HoloLens 2. This is an interesting and novel patient specific positioning study and concluded that the proposed AR-assisted RT positioning method is highly feasible with several advantages. Using image guidance to personalize RT during treatment planning or treatment fractions is gaining a lot of research interests in the past several years. Zhu et al. used multiparametric MRI including 3D ASL to differentiate high and low blood perfusion areas within GTV for a group of adult non-enhancing low-grade gliomas (NE-LGGs). This generated information can be used to guide personalized RT boost for treatment efficacy improvements. Also for tumor segmentation purpose, Lau et al. explored a gradient-based method using 18F-PSMA-1007 PET/CT for prostate cancer lesion contouring and quantification. Nie and Li proposed predictive strategy to project tumor volume onto 2D MR cine from 4D MRI libraries for personalized MRgRT. By accurately predict respiratory motion during 2D cine imaging and projecting tumor volume contour on 2D cine, real-time assessment of beam-to-tumor conformality was proven to be feasible and promising for personalized MRgRT. Last but not the least, biology-guided radiation therapy (BgRT), represented by RefleXion X1™, the first FDA cleared BgRT system, is another novel and promising technology that can potentially bring meaningful personalized RT into routine clinical practice. Seyedin et al. described a planning comparison study on RefleXion X1™ and proved its potential as a powerful tool to reduce the radiation dose to nearby structures by using real-time positron emission imaging.

We have presented here some snapshots of different research activities in our field related personalized radiotherapy. We are hoping this can serve as a handy reference resource for students and researchers who are interested in this area and inspire more and more studies to further advance personalized RT with the ultimate goal of maximizing RT efficacy for every patient.
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Purpose

Stereotactic body radiotherapy (SBRT) is an important treatment modality for lung cancer patients, however, tumor local recurrence rate remains some challenge and there is no reliable prediction tool. This study aims to develop a prediction model of local control for lung cancer patients undergoing SBRT based on radiomics signature combining with clinical and dosimetric parameters.



Methods

The radiomics model, clinical model and combined model were developed by radiomics features, incorporating clinical and dosimetric parameters and radiomics signatures plus clinical and dosimetric parameters, respectively. Three models were established by logistic regression (LR), decision tree (DT) or support vector machine (SVM). The performance of models was assessed by receiver operating characteristic curve (ROC) and DeLong test. Furthermore, a nomogram was built and was assessed by calibration curve, Hosmer-Lemeshow and decision curve.



Results

The LR method was selected for model establishment. The radiomics model, clinical model and combined model showed favorite performance and calibration (Area under the ROC curve (AUC) 0.811, 0.845 and 0.911 in the training group, 0.702, 0.786 and 0.818 in the validation group, respectively). The performance of combined model was significantly superior than the other two models. In addition, Calibration curve and Hosmer-Lemeshow (training group: P = 0.898, validation group: P = 0.891) showed good calibration of combined nomogram and decision curve proved its clinical utility.



Conclusions

The combined model based on radiomics features plus clinical and dosimetric parameters can improve the prediction of 1-year local control for lung cancer patients undergoing SBRT.





Keywords: lung cancer, stereotactic body radiotherapy, local control, radiomics, clinical, dosimetric, prediction model



Introduction

Lung cancer is the second most common cancer and the main cause of cancer-related deaths, more than 2.21 million patients worldwide are affected every year (1). With the improvement of radiotherapy technology, stereotactic body radiation therapy (SBRT) is generally recognized as a standard option for early stage lung cancer patients who are not fit or healthy enough to be candidates for surgery or who refuse operation due to various complications (2). SBRT is also well established in the treatment of oligometastatic patients, e.g., with pulmonary metastases (3). This precise modality uses high doses to ablative cancer target with low doses to protect surrounding tissue. The local control rate in 5 years after SBRT is about 72% with a median follow-up of 4 years for early stage localized tumors (4). Furthermore, a variety of studies have reported local control is excellent after SBRT; however, there are still patients suffering from local recurrence (5). Therefore, a model for accurately and individually predicting the local control status for lung cancer patients after SBRT is highly desirable.

The maximum standardized uptake value (SUVmax) in PET-CT was used to predict local recurrence after SBRT, but the results varied from institutions to patient groups, suggesting that its prognostic value was uncertain (6, 7). Several studies reported some clinical and dosimetric factors were influential parameters for local control prediction (8–11) and dose-response model to calculate local control possibility for lung SBRT patients employed clinical and dosimetric parameters were established (12–15). However, their models did not accurately predict patients’ outcome, while other tumor individual characteristics were not considered. A comprehensive and noninvasive approach based on individual heterogeneous to screen candidate patients with tumor local control status is necessary.

Radiomics is based on the extraction of tumor features from traditional medical images to predict treatment effectiveness and prognosis of different diseases, including lung cancer, esophageal cancer, and prostate cancer (16–19). Moreover, radiomics has prognostic value in predicting clinical outcomes of pulmonary SBRT (20, 21). However, few prediction models considering radiomic signature combined with clinical and dosimetric parameters has been proposed to evaluate the tumor local control for lung cancer patients undergoing SBRT.

Therefore, the aim of our study is to generate a robust combined model for predicting 1-year tumor local control in primary and secondary lung cancer patients treated with SBRT by integrating radiomic signature and clinical and dosimetric parameters.



Materials and Methods

The workflow of the study is shown in Figure 1.




Figure 1 | Workflow of the study. ROI, region of interest; ICC, intraclass correlation coefficient; LASSO, least absolute shrinkage and selection operator; LR, logistic regression; DT, decision tree; SVM, support vector machine. ROC, receiver operating characteristic.




Patients’ Population and Treatment

We firstly analyzed retrospectively registered data from July 27, 2011 to December 7, 2018 of patients diagnosed with primary and secondary lung cancer and treated with lung SBRT in Cancer Hospital of Shantou (N = 134). Next, some patients with irradiation sites including chest wall, mediastinum, and thoracic vertebra (N = 4), who were lost to follow-up (N = 18) and did not complete the treatment course (N = 1) were excluded from the analysis. Finally, 119 patients with 18 patients had repeat lesions and 129 tumors were available for next analysis. The study was conducted in accordance with the Declaration of Helsinki and approved by the ethical board; however, patient written informed consent was waived. Our patients were staged by using the seventh editions of the AJCC staging system. Tumors were simulated via four-dimensional computed tomography (4DCT) or three-dimensional computed tomography (3DCT). The internal target volume (ITV) with 4DCT was defined by combining gross tumor volumes (GTVs) contoured at 10 respiratory phases. In addition, some ITV with 3DCT was defined by two GTVs contoured at the peak-exhale and peak-inhale respiratory phases; other ITV with 3DCT was defined by observing the tumor motion amplitude obtained from fluoroscopy. The planning target volume (PTV) was delineated by adding 5 mm of ITV in all directions. Cone beam computed tomography (CBCT) was used for image guidance and tumor localization before each fraction with correction. All patients were randomly assigned to the training group and validation group in a ratio of 7:3.



Follow-Up

Patients were evaluated with CT scans repeated every 3 months after the treatment in the first year, and then every 6 months thereafter (4). Tumor local control is defined as the absence of local recurrence of the tumor at the treatment site. Local recurrence was defined by pathologic confirmation, mass progression of the primary tumor, and the involved lobe on two consecutive CT at least 6 months, or the discretion of oncologists based on clinical symptoms and signs of patients (14, 22).



Clinical and Dosimetric Parameters Data Collection

We collected patients’ baseline clinical and dosimetric parameters and 1-year tumor local status after SBRT. All the doses mentioned in this paper were biologically effective doses (BEDs), the linear-quadratic model with an α/β ratio of 10 Gy was adopted for calculating BEDs, BED = n × d × [1 + d/(α/β)], where n is the fraction number and d is the fractional dose (15). Clinical data included gender, age, smoking status, Karnofsky performance status (KPS), body mass index (BMI), clinical stage, location, histology, equivalent diameter, GTV, PTV, chemotherapy or not, lymphocyte, neutrophil, platelet (PLT), neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), hemoglobin (Hb), tumor site, immobilization device, and 4DCT or not. Dosimetric data included the prescription dose that covers 95% of the target area expressed as BED (D95) and the maximum dose in the whole plan (Dmax); the minimum dose of PTV (PTVmin), mean dose of PTV (PTVmean), and maximum dose of PTV (PTVmax) and dose inhomogeneity in PTV (PTVmin/PTVmax); and the minimum dose of GTV (GTVmin), mean dose of GTV (GTVmean), and the maximum dose of GTV (GTVmax) and dose inhomogeneity in GTV (GTVmin/GTVmax).



Clinical and Dosimetric Parameter Selection

The univariate logistic regression (LR) analysis was applied to evaluate whether parameters were candidate predictors of 1-year tumor local control and a stepwise multivariate LR was used to determine the best variables of statistically significant parameters in univariate analysis.



CT Image Acquisition, Region of Interest Segmentation and Quantitative Radiomics Features Extraction

All patients underwent CT scanning prior to SBRT treatment using a Brilliance Big Bore CT (Philips Brilliance CT Big Bore Oncology Configuration, Cleveland, OH, USA). The detailed information of the CT scanners was as follows: tube voltage of 120 kVp, tube current of 350 mA, convolution kernel of standard, and construction matrix of 512 × 512. The scanning range was from the apex to the bottom of the lung. CT images were then transferred to an Eclipse treatment planning system (Version 10.0, Varian Medical System, Inc., Palo Alto, CA, USA) for the whole tumor delineation, also known as the region of interest (ROI) segmentation by one radiology doctor with more than 10 years of work experience (23).

Radiomics features were automatically extracted from each tumor segmentation using PyRadiomics (https://github.com/Radiomics/pyradiomics). The images which were used to extract the radiomics features could be either the original image or the derivative filtered images including Laplacian of Gaussian (LoG), Wavelet, Square, SquareRoot, Logarithm. Collectively, the feature types extracted from each image type include shape features provided the geometric volume of ROI, first-order features described the individual voxel value distribution in the intensity histogram of ROI, texture features reflected the organization and arrangement of the surface structure with slow change or periodic change, including gray-level co-occurrence matrix (GLCM), gray-level dependence matrix (GLDM), gray-level run length matrix (GLRLM), gray-level size zone matrix (GLSZM), and neighborhood gray-tone difference matrix (NGTDM) (24). In order to ensure the repeatability of the results, the images and features were resampled and z-score normalized respectively.



Radiomics Feature Selection

A large number of radiomic features may result in overfitting of the model, reducing the predictive performance of the model. To overcome the dimensional disaster and reduce the bias caused by many radiomics features, we gradually use four methods of the intraclass correlation coefficient (ICC), univariant analysis, least absolute shrinkage and selection operator (LASSO), and stepwise regression to select the vital features from the training group. First, in order to minimize the differences between observers and enhance the robustness of features, two radiology doctors independently delineated 30 randomly chosen samples drawn from patients, and then the ICC was calculated from the extracted features of these 30 cases to assess intraobserver and interobserver reproducibility. The features with ICC >0.75 were considered stable for the further analysis. The ICC was conducted by using the “irr” package in R software (25). Subsequently, we evaluated remaining radiomics features using the independent samples t-test or the Mann-Whitney U test to collect statistically significant features with a p-value of <0.05. In addition, to deal with the high-dimensional data and enhance the prediction accuracy, the LASSO regression, as an effective dimensionality reduction method, was applied to select potentially important features by regularizing concurrently. The optimal area under curve and parameter log (λ) were determined through 10-fold cross-validation to control the complexity of the model and select the most robust and nonredundant radiomics features (26, 27). The LASSO logistic regression was conducted by using the “glmnet” package (28). Finally, stepwise regression is used to eliminate the redundant features to avoid the multicollinearity. Moreover, the importance of the most valuable features were analyzed and evaluated by correlation analysis.



Classifier Selection

We fed the final selected radiomics features into the classifiers to build the optimal radiomics model. In our study, LR, decision tree (DT), and support vector machine (SVM) were used to build and evaluate radiomics model, and the best classification method was selected for subsequent analysis (29–31). The DT model was performed using the “rpart” package (32), while the “e1071” package was employed to develop the SVM model (28), all of them are carried out by tuning the parameters. To complement the analyses, the radiomics signature (radiomics score) was calculated using the radiomics features. The best classifier was adopted for building clinical model and combined model.



Prediction Model Development

Accordingly, three different prediction models were described briefly as: the radiomics model composed of radiomics signature, the clinical model constructed from clinical and dosimetric parameters, and the combined model developed by combining radiomics signature and clinical and dosimetric parameters.



Model Performance Comparison

Based on receiver operating characteristic (ROC) curve, the prediction models were compared by calculating the area under the ROC curve (AUC) values, p-value, accuracy, sensitivity, specificity, and DeLong test. The ROC curves were plotted based on the “pROC” package (33).



Nomogram Construction and Validation

In order to visually and individually predict the tumor control probability (TCP) of lung cancer after SBRT, we created a nomogram which was developed by the prediction model with the best performance in the training group. The ability of the nomogram was conducted by the calibration curve and the Hosmer-Lemeshow test. The net benefits and the clinical usefulness of three models for prognosis was measured and compared by the decision curve analysis. The nomogram and the DCA were plotted using the “rms” package and the “dca.R.” package, respectively (33).



Statistical Analysis

Statistical analyses were performed based on SPSS v.23.0 (SPSS Inc., Chicago, IL, USA) and R software v.4.0.2 (R Project for Statistical Computing, Vienna, Austria). The Student’s t-test or Mann-Whitney U test was employed to compare continuous variables, and the Chi-square test or Fisher’s exact test was applied for categorical variables. The optimal cutoff point was assessed by using the Youden’s index on the ROC curve (34). An AUC comparison of the three prediction models with the best classifier methods was performed by DeLong test. The tests were two-sided, and p-values less than 0.05 were considered statistically significant.




Results


Clinical and Dosimetric Parameters of Patients

Data for 129 tumors from 111 primary and secondary lung cancer patients treated with SBRT were available, of which 89 and 40 tumors were divided into the training and validation group, respectively. Baseline characteristics are presented on Table S1. Males constituted 93 (72.1%) of the sample. Mean age was 62 years. Most tumors (82.9%) were at a peripheral location compared with other location. A minority of tumors (18.6%) were treated with combined radiotherapy and concurrent chemotherapy. The median prescription dose was 48 Gy (range 18–70) delivered in a median of 4 fractions (range 1–12), and the median prescription dose in BED95 was 95.2 Gy (range 28.8–180). The distribution of fractionation schemes and BED95 used in our study was described in Figure 2; most used dose-fractionation scheme was 50 Gy in 4 fractions. One year after SBRT treatment, 91 tumors were local controlled and 38 local failures were observed. The optimal cutoff values of dosimetric parameters based on ROC curve are shown in Table 1. No significant association was seen with baseline clinical and dosimetric characteristics in the training group and validation group of tumors. The balance of the two sets of data suggests that the patient grouping was reasonable.




Figure 2 | The bubble chart of fractionation schemes and BED95. The size of dots indicates the size of fraction; the different color of dots indicates different count ranges. BED95, the prescription dose covers 95% of the target area expressed as BED.




Table 1 | The optimal cut-off values of dosimetric parameters.





Clinical and Dosimetric Parameter Selection

The relationship between clinical and dosimetric parameters and the 1-year tumor local status of primary and secondary lung cancer after SBRT for the training group is summarized in Table 2. In the univariate analysis, clinical stage status, history, PLT, PLR, Hb, D95, Dmax, PTVmin, PTVmax, PTVmean, GTVmin, GTVmax, GTVmean, and PTVmin/PTVmax were found to be significantly different between the 1-year local control status and the local failure status (all p < 0.05). Multivariate analysis indicated that clinical stage status, platelet (PLT), and the minimum dose of gross tumor volume (BEDGTVmin) were prognostic parameters for 1-year tumor local status.


Table 2 | Univariate and multivariate analyses of clinical and dosimetric parameters.





Radiomics Feature Selection

Radiomics features were extracted and selected using the procedure shown in Figure 3. In total, 1,502 radiomics features were successfully extracted from each three-dimensional ROI, including 14 shape features, 288 first-order features, and 1,200 texture features. For intraobserver agreement, 1,090 features with ICC ≧0.75 between observers were included in further analyses. According to the univariate analysis, 46 radiomics features were collected, and then 10 potential radiomics features were calculated by the LASSO regression model with a penalty parameter λ = 0.025; we finally performed the stepwise regression analysis and obtained 4 important radiomics features, namely wavelet-LLL_glszm_SmallAreaEmphasis, wavelet-LHH_glcm_JointAverage, wavelet-LHH_ngtdm_Complexity, and squareroot_glcm_DifferenceEntropy. In the training group, the visible distributions of these radiomics features in local control group and local failure group and the correlation analysis of radiomics features are shown in Figures 4, 5. It indicated that the larger the value of each radiomics features, the greater the possibility of 1-year tumor local control and they were statistically supported. There was no significant correlation between the radiomics features with correlation coefficient <0.75.




Figure 3 | Radiomics feature extraction and selection process. First, region of interest (ROI) segmentation was performed on CT image. Next, radiomics features were extracted from ROI. Finally, radiomics features dimension was reduced by intraclass correlation coefficient (ICC), least absolute shrinkage and selection operator (LASSO). GLCM, gray-level co-occurrence matrix; GLDM, gray-level dependence matrix; GLRLM, gray-level run length matrix; GLSZM, gray-level size zone matrix; NGTDM, neighborhood gray-tone difference matrix.






Figure 4 | The violin plots of radiomics features and radiomics score. The distribution of (A) wavelet-LLL_glszm_SmallAreaEmphasis, (B) wavelet-LHH_glcm_JointAverage, (C) wavelet-LHH_ngtdm_Complexity, and (D) squareroot_glcm_DifferenceEntropy in the training group. The distribution of radiomics score in the training group (E) and in the validation group (F). The p-values were obtained by t-test or Wilcoxon rank sum test.






Figure 5 | The correlation heat map of radiomics features. Red indicates positive correlation, and blue indicates negative correlation; the darker the color, the stronger the relationship.





Classifier Selection

The performance of model using difference classifiers are presented in Table 3. Our result reports that DT approach for classification were no more valuable than random classification with the AUC of the model below 0.5. We input these features into SVM classifier, which received the poor performance and the low specificity. Compared with the above methods, the LR was the optimum classifier with the best performance and accuracy.


Table 3 | The performance of radiomics model using LR, DT, and SVM, clinical model and combined model.





Prediction Model Construction

On the basis of 4 radiomics factors, a radiomics model was created by the following formula:

	

The formula and these coefficients were calculated from the LR. To illustrate the validity of the radiomics score at the nomogram, the visible distributions of radiomics score for the 1-year tumor local control and local failure groups in the training group and validation group are shown in Figure 4. With the quantitative value of score increased, the tumor can be more possibly locally controlled in a year. The parameters of clinical stage status, PLT, and BEDGTVmin were employed to build the clinical model. Furthermore, the parameters plus radiomics score were brought into building the combined model.



Prediction Model Performance Comparison

Figure 6 showed that the AUC with its 95% confidence interval (CI) of the radiomics model, clinical model, and combined model were 0.811 (95% CI: 0.713–0.910), 0.845 (95% CI: 0.757–0.934), and 0.911 (95% CI: 0.845–0.977) in the training group and 0.702 (95% CI: 0.507–0.898), 0.786 (95% CI: 0.638–0.933), and 0.818 (95% CI: 0.659–0.978) in the validation group, respectively. The accuracy values of the radiomics model, clinical model, and combined model were 67.4%, 82.0% and 85.4% in the training group and 92.9%, 77.5%, and 82.5% in the validation group, respectively. The combined model indicated a significant better performance than the radiomics model (p = 0.025) and the clinical model (p = 0.033) in the training group, while the radiomics model and clinical model displayed a similar performance (p = 0.613). We can also see the trend that the effect of the combined model is better than that of the single model in the validation group. Therefore, the optimal prediction model was based on a multivariable LR and conjoined the radiomics signature with clinical and dosimetric parameters. Moreover, the contribution of each selected feature in the combined model iss displayed in Figure 7.




Figure 6 | Receiver operating characteristic (ROC) curve of three models and comparison of ROC curves. ROC curve of three models in the training group (A) and validation group (B). (C) Comparison of ROC curves with DeLong test in the training group and validation group.P1, P2, and P3 are in the training group; P4, P5, and P6 are in the validation group; P1 and P4: radiomics model vs. clinical model; P2 and P4: radiomics model vs. combined model; P3 and P6: clinical model vs. combined model. *p < 0.05, expressive significance.






Figure 7 | The function of each feature in the combined model. The beta value and the p-value of radiomics score, clinical stage [III~IV], platelet (PLT), and BEDGTVmin [≥98.79] in the combined model.





Nomogram Establishment

A visualization-combined nomogram was constructed from integrating the radiomics score, clinical stage, PLT, and BEDGTVmin, as shown in Figure 8A. No significance was found in the Hosmer-Lemeshow test for the separated training sets (p = 0.898) and validation group (p = 0.891), indicating the proposed nomogram with good calibration was acceptable. The actual tumor control probability is that the patient population was divided into a few bins of increasing percentage of local control. The calibration curve of the combined nomogram confirmed that the probability of predicting 1-year tumor local control was consistent with the actual observation both in the training group (Figure 8B) and validation group (Figure 8C). The decision curve revealed the radiomics model, the clinical model, and the combined nomogram were beneficial for predicting 1-year tumor local control probability. The area under the curve of the combined nomogram was larger than that of the other two models, indicating that the combined nomogram had the highest clinical feasibility and utility (Figures 8D, E).




Figure 8 | Combined nomogram and evaluation of the nomogram in the training group and validation group. (A) A combined nomogram for prediction 1-year local control probability in lung cancer patients after SBRT. The calibration curve of the combined nomogram in the training group (B) and validation group (C). The decision curve of each model in the training group (D) and validation group (E).






Discussion

In this study, a quantitative relationship between radiomics score, clinical and dosimetric features, and tumor local status was found. Moreover, we first established a new prediction model to correlate 1-year local control with radiomics score and clinical and dosimetric parameters for primary and secondary lung cancer patients undergoing SBRT. We also constructed and validated a combined nomogram with great discrimination to conveniently identify the tumor local status.

Improving the accuracy of local control prediction is of positive significance for medical and personal decision-making in many aspects (2). It is beneficial to find patients who are at high risk of locoregional failure and explore the treatment strategy of patients. Moreover, increasing systemic treatment and/or radiation dose to eradicate lesions and strengthening the follow-up management of patients can reduce local recurrence and improve the survival and prognosis. In clinical practice, some studies have proposed to overcome immune resistance mechanisms for lung cancer by using immunotherapy combined with SBRT; therefore, patients have more personalized treatment options (35, 36). Our nomogram model may provide important evidence to design future clinical trials, such as predicting whether these people would benefit from combination treatment to balance this positive strategic risk. More importantly, compared with the long-term outcome of overall survival, local control status avoids long-term follow-up and can early adjust treatment strategies. Therefore, our study provides a more effective tool to promptly achieve personalized treatment.

The correlation between radiomics features and SBRT outcomes has shown promising results. Lafata et al. investigated the relationship between pre-SBRT CT radiomics features and cancer recurrence for nonsmall cell lung cancer (NSCLC) and concluded that radiomics features may provide more predictive information in the identification of tumor local failures (37). Mattonen et al. compared the prognostic value of physician and radiomics data for local response of NSCLC treated with SBRT. Their findings similarly indicated that a radiomics score consisting of five appearance features can early and correctly predict local recurrence in a noninvasive way (18). Our results are consistent with these published studies (18, 20, 21, 37), as we found radiomics features were independent prognostic factors and radiomics score was significantly associated with tumor local status for primary and secondary lung cancer undergoing SBRT. These results may explain that radiomics has the ability to quantify tumor spatial and temporal heterogeneity by mathematically analyzing the spatial distribution and relationships of gray levels in CT images.

Many studies have focused on the effects of clinical and dosimetric parameters on local control (9, 10); however, no consensus has been reached so far and further investigation is needed. Ohri et al. developed a local TCP model with BED and tumor diameter for NSCLC patients after SBRT (14), while Ye et al. established a nomogram model with tumor size and SUVmax to predict 2-year locoregional recurrence and 2-year progression-free survival (7). However, their analysis lacked additional SBRT datasets for reliability verification and the SUVmax based on PET-CT is not easy to obtain. Our study avoided these limitations and showed that clinical stage, PLT value, and BEDGTVmin were significantly correlated with the local control status. This finding is also in accordance with other studies (38–40). These results suggest that earlier clinical stage, lower PLT value and higher BEDGTVmin contribute to tumor local control and should be considered when designing SBRT regimens.

However, these previous studies mainly focused on radiomics features (18, 20, 21, 37) or clinical and dosimetric parameters (7, 14, 15, 41). In our work, we combined radiomics features and the available clinical and dosimetric parameters to improve the prediction performance and accuracy for local control in lung SBRT. The combined model indicated outstanding performance in the training group and had good stability in the validation group. It failed to achieve statistical significance due to the small sample size, subtle differences in the data set or the mixed effect of other parameters. Similar results were obtained by Avanzo et al. who have demonstrated that combining BED features and image features in radiomics and deep learning improves the tumor response prediction of machine learning models for lung SBRT (42). This trend is in agreement with past studies, showing it is highly valuable to predict tumor local control in lung SBRT using multivariate factors (43). Meanwhile, the combined nomogram-integrated multiple features increases the value of personalized estimation and has great clinical application potential (19). More importantly, the variables involved in nomogram are derived from clinically available data without the need for additional expense, which will increase the clinical applicability.

It is worth noting that the incidence of local control in our study is lower than that reported previously. It might be due to the inconsistent design of treatment plans and the selection bias between different studies. According to our nomogram, the radiation dose should be increased for patients with a high risk of local recurrence. However, considering the patient’s condition and nearby organs at risk, the BED95 used in our cohort, at a median of 95.2 Gy, was lower than the standard dose of 100 Gy (2). In addition, some metastatic lung cancer patients were treated with significantly lower radiation doses, such as 20~35 Gy in 4~7 fractions. This was probably the reason for the high local recurrence rate in our study. In our univariate analysis, BED95 was also a significant parameter. Due to the multicollinearity between dosimetric parameters, BED95 was removed from the final model by the stepwise regression methods. However, the last dosimetric parameters entering the model, namely BEDGTVmin, covered some prediction information of the BED95. Also with more data, a continued work on verifying these results is imperative.

Finally, efforts have been made to reduce the risk of radiomics feature biases and improve the quality of the prediction models. A wide range of candidate radiomics features were extracted in our study, which provided the foundation for algorithms to select relevant radiomics features and obtained the valuable information to reflect the local control status of lung cancer lesions (24). In order to reduce the deviation of the interobservers and examine the feature stability, we calculated the ICC of radiomics features (44). In addition, we optimized feature selection by using univariate analysis, LASSO, and stepwise regression, thus ensuring the independence and robustness of each feature entering the final prediction model (26). Three popular classifiers were utilized to evaluate the performance of the radiomics model, and finally the classifier with the best accuracy and the highest prognostic performance was used to establish the prediction model (29, 30).

There are some limitations that should be considered in the study (1): Our study was a retrospective, single-center-based study and limited number of patients were involved in the study, and results from a prospective multicenter study with a greater number of population are needed (2). Local tumor failure was not pathologically confirmed by biopsy in the study, which added more uncertainty to our conclusions. However, data from the literature show that histological confirmation was not mandatory in NSCLC patients treated with SBRT (45). (3) Our study analyzed the tumor local control status from a mixture of primary and secondary lung tumor patients. However, it was found in the previous study that TCP models were not different between primary NSCLC and secondary NSCLC, because histological heterogeneity does not influence radiosensitivity of tumor in the SBRT (15). (4) Due to the limited sample size, our endpoint mainly focused on 1-year local control and further work is required to conduct a longer follow-up time and verify the practicability of the prediction model.



Conclusions

We found that there was a significant quantitative correlation between radiomics score and local control for patients undergoing SBRT, and we consider that it might be a promising and potential biomarker. According to the LR method, we developed a novel model using radiomics score plus clinical and dosimetric parameters to improve the prediction of local control. The nomogram we established have a potential to be a noninvasive, low-cost approach and could facilitate individualized treatment and follow-up, surveillance, and evaluation strategies for patients undergoing SBRT.
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Purpose

Distant metastasis is the main cause of treatment failure in locally advanced rectal cancer (LARC) patients, despite the recent improvement in treatment strategies. This study aims to evaluate the “delta radiomics” approach in patients undergoing neoadjuvant chemoradiotherapy (nCRT) treated with 0.35-T magnetic resonance-guided radiotherapy (MRgRT), developing a logistic regression model able to predict 2-year disease-free-survival (2yDFS).



Methods

Patients affected by LARC were enrolled in this multi-institutional study. A predictive model of 2yDFS was developed taking into account both clinical and radiomics variables. Gross tumour volume (GTV) was delineated on the magnetic resonance (MR) images acquired during MRgRT, and 1,067 radiomic features (RF) were extracted using the MODDICOM platform. The performance of RF in predicting 2yDFS was investigated in terms of the Wilcoxon–Mann–Whitney test and area under receiver operating characteristic (ROC) curve (AUC).



Results

48 patients have been retrospectively enrolled, with 8 patients (16.7%) developing distant metastases at the 2-year follow-up. A total of 1,099 variables (1,067 RF and 32 clinical variables) were evaluated in two different models: radiomics and radiomics/clinical. The best-performing 2yDFS predictive model was a delta radiomics one, based on the variation in terms of area/surface ratio between biologically effective doses (BED) at 54 Gy and simulation (AUC of 0.92).



Conclusions

The results of this study suggest a promising role of delta radiomics analysis on 0.35-T MR images in predicting 2yDFS for LARC patients. Further analyses including larger cohorts of patients and an external validation are needed to confirm these preliminary results.
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Introduction

Colorectal cancer (CRC) is one of the most common tumors worldwide and the second most common cause of cancer death in the United States (1).

Rectal cancer represents one-third of all CRCs, with the second highest incidence and second leading cause of cancer death in Western society (2).

Neoadjuvant concurrent chemoradiotherapy (nCRT) or short-course radiotherapy followed by surgery with total mesorectal excision (TME) is considered the standard treatment for locally advanced rectal cancer (LARC) (3, 4).

This treatment approach has led to a significant reduction in local recurrence (LR) (5, 6), although a significant improvement in terms of disease-free survival (DFS) or overall survival (OS) was not demonstrated according to the results of several trials focused on this outcome (7–9).

Despite the improvements in treatment strategies achieved in recent years, distant metastases (DMs) are still the main cause of treatment failure and mortality in LARC patients (10, 11).

Disease-free survival has been used as primary endpoint in numerous trials and represents one of the most promising primary clinical endpoints for patient risk stratification (12).

While 3-year DFS (3yDFS) has been considered a surrogate endpoint for OS in resectable colon cancer, 2-year DFS (2yDFS) has been shown to be a stronger predictor of OS when compared to pathological complete response (pCR) in a pooled analysis of five randomised trials (8). A recent recommendation of outcome measures in rectal cancer suggests 2yDFS as an early predictor of OS and surrogate for good prognosis (12).

Predictive models including clinical data, genetic parameters, and radiomics features extracted from diagnostic images have been proposed for this purpose (13, 14).

More recently, tumor regression measured on magnetic resonance imaging (MRI) before and during nCRT has been applied to predict the pathological response (15, 16).

Fiorino et al. proposed the early regression index (ERITCP) for rectal cancer, a radiobiological parameter based on early regression volume that can predict pCR using 1.5-T staging MR images acquired before and during the neoadjuvant treatment, later confirmed also on 0.35-T hybrid magnetic resonance-guided radiotherapy (MRgRT) images (17, 18).

The introduction of MRgRT indeed opened a new era in radiation oncology, offering the possibility to deliver daily online adaptive treatments and to take benefit of images characterized by higher soft tissue contrast (19, 20).

Besides the blatant advantages related to image quality, the potential role of online MRI as predictors has been investigated in different frameworks (16, 18, 19, 21).

Radiomics and delta radiomics approaches, which study the variations of the radiomics parameters throughout the treatment, have been demonstrated to predict patient response (16, 19).

Furthermore, the change in image-based biomarkers in response to treatment may be used to predict the propensity of the tumour to metastasize, identifying early distant relapse, offering the possibility to fully tailor the follow-up protocols, according to the most innovative paradigms of translational personalized medicine (15, 17).

This multi-institutional retrospective study investigates the delta radiomics approach in patients undergoing nCRT treated with MRgRT, developing a predictive model able to evaluate the 2yDFS probability on hybrid 0.35-T images.



Materials and Methods


Study Population

Patients were enrolled from two institutions equipped with 0.35-T MRgRT systems (MRIdian, ViewRay Inc., Cleveland, OH, USA): Fondazione Policlinico Universitario “Agostino Gemelli” IRCCS of Rome, Italy (FPG), and University of Wisconsin-Madison, USA (UW).

All patients were affected by histologically proven locally advanced rectal cancer (cT2–4, cN0–1, cM0), aged ≥18 years, and underwent nCRT on a hybrid 0.35-T MRgRT unit.

Prior to therapy, patients underwent digital rectal examination (DRE), pelvic diagnostic MRI to define T and N staging, contrast-enhanced total-body computed tomography (CT) for M staging, and multidisciplinary tumor board (MDTB) discussion.

Specific informed consent and MRI safety screening forms were administered to all the other patients prior to therapy start.

Patients showing clinical contraindications to MRI or denying specific consent to MRgRT were discarded.



Treatment Workflow and Treatment Outcome

The FPG patients underwent MRgRT with a simultaneous integrated boost (SIB) technique, delivering 55 Gy (2.2 Gy/fraction) to the gross tumor volume (GTV) and the corresponding mesorectum and 45 Gy (1.8 Gy/fraction) to the mesorectum in toto and lymphatic drainage stations, selected according to disease stage (22, 23).

The cohort from UW was treated delivering a sequential treatment, with 50.4 Gy in 28 fractions (1.8 Gy/fraction) to the GTV and corresponding mesorectum and 45 Gy in 25 fractions (1.8 Gy/fraction) to the mesorectum in toto and elective lymph node stations, according to institutional guidelines.

Concomitant chemotherapy schedules consisting of oral chronomodulate capecitabine (1,650 mg/mq)/5-fluorouracil (5-FU) 225 mg/mq in continuous infusion or an intensification schedule with capecitabine (1,300 mg/mq) plus oxaliplatin (60 mg/mq) were prescribed for all the Italian patients in relation to the clinical stage and general condition of individual patients.

All the patients treated in UW received concomitant capecitabine (825 mg/mq twice daily during MRgRT).

Clinical restaging was performed 6 to 8 weeks after the end of nCRT through diagnostic MR imaging, DRE, and endoscopic exam, when clinically indicated.

Clinical complete response (cCR) was defined as the absence of palpable masses at DRE and of any mucosal irregularity at endoscopic examination. As for MRI, the rectal wall should appear normal or show only a thin hypointense thickening, with no suspicious lymph nodes visualized and low signal on b1000 images or low apparent diffusion coefficient (ADC) at the previous tumor site (24, 25).

Approximately 4 weeks after clinical restaging, patients underwent surgery that included lower anterior resection (AR), abdominal-perineal resection (APR), and transanal endoscopic microsurgery (TEM) or transanal minimally invasive surgery (TAMIS) in case of major or complete response.

Selected patients underwent a conservative approach in relation to a clinical complete response and MDTB decision (26, 27).

Pathological staging was carried out according to the pTNM classification (28), and the evaluation of the tumour response to neoadjuvant treatment was performed based on tumor regression grade (TRG) according to Mandard’s classification (29, 30).

Adjuvant chemotherapy was administered in selected patients with clinical high-risk factors (cT4 and ypT3–4, ypN1–2, lymphovascular invasion of the tumor, or TRG = 4).

Clinical and imaging follow-up was carried out for all the patients included in the study, for at least 5 years from surgery.

2yDFS was defined as the absence of distant metastasis or local recurrence within 2 years from the end of nCRT.



MRI Protocol and Statistical Analysis

0.35-T 175-s 3D MR images were acquired using a true fast imaging with steady state precession (TrueFISP) sequence at the simulation phase and before each treatment fraction of the MRgRT treatment.

Images showed T2*/T1 image contrast, with 1.5 × 1.5 × 1.5-mm3 spatial resolution and 1.5-mm slice thickness.

A total of five MR images were considered for each patient for the radiomics analysis.

In order to take into account the different fractionation schemes adopted in the two Institutions, the physical doses were converted into biologically effective doses (BED), considering an α/β ratio of 10 (18, 19).

The analyzed MR images were acquired at simulation and when the following biologically effective dose (BED) levels were reached: 13, 26, 40, 54, and 67 Gy.

MR images were then uploaded on a radiotherapy delineation console (Eclipse, Varian Medical System™, Palo Alto, CA, USA) for GTV segmentation, and GTV was contoured following the International Commission on Radiation Units Report 83 (ICRU 83) guidelines by an experienced radiation oncologist skilled in the treatment of lower gastrointestinal malignancies (31).

Contouring and revision of MRI images were blinded for all clinical data including information regarding the achieved pathologic response.

Figure 1 reports the example of a standard image dataset.




Figure 1 | Gross tumour volum (GTV) delineated at the treatment simulation (A) and at the different treatment fractions selected for the delta-radiomics analysis, corresponding to BED levels of 13 Gy (B), 26 Gy (C), 40 Gy (D), 54 Gy (E) and 67 Gy (F). The GTV is represented by the red contour.



All the imported MR images were processed using signal normalization as described in similar experiences dealing with the same topic (21, 32).

After image preprocessing, radiomics features (RF) belonging to three families (morphological, statistical, textural) were extracted from each MRI considering the GTV as region of interest. Radiomics analysis was performed using MODDICOM, an image biomarker standardization initiative (IBSI) compliant in-house developed radiomics platform (33, 34).

In addition to the standard radiomics features, the variations of RF during treatment were quantified calculating the delta RF, which corresponds to the ratio between the values calculated at different BED levels and the corresponding one extracted at simulation.

A comprehensive database was then created combining the selected radiomics features (RF), general parameters related to diagnosis and treatment (sex, age, clinical TNM staging, radiotherapy dose, type of surgical procedure, and chemotherapy), clinical parameters related to blood analysis (hemoglobin, white blood cells, neutrophils, platelets, neutrophil–lymphocyte ratio), and outcome data (complete or not pathological response, DFS).

Statistical analysis was performed using R software (v 3.4.1, Wien, Austria) and dedicated packages.

The Wilcoxon–Mann–Whitney (WMW) test was performed to identify the ability of each RF in predicting 2yDFS at the univariate analysis.

Pearson correlation coefficient (PCC) was used to estimate the correlation among the delta radiomics features showing statistical significance (p < 0.05) at the univariate analysis.

Two logistic regression linear models were elaborated: the first one using the most significant delta RF, the second one combining two most significant delta RF showing the lowest mutual PCC. The significance performance of such model was evaluated in terms of the receiver operating characteristic curve (ROC) (35).

The area under the ROC curve was considered as the main performance metric, with the 95% confidence intervals calculated using the bootstrap method with 2,000 iterations (36).

The best cutoff threshold was identified maximizing the Youden index, and the values of sensitivity and specificity values at the best threshold were calculated (37).




Results

A total of 48 consecutive patients were retrospectively enrolled for this analysis: 42 (87.5%) from FPG and 6 (12.5%) from UW.

Overall, the median age for FPG and UW patients was 62 (range 39–87) years and 54 (52–60), respectively. According to the TNM classification, 28 (58.3%) patients presented a cT3 (24 FPG, 4 UW), 13 a cT4 (11 FPG, 2 UW), and 7 a cT2 (7 FPG) disease.

Complete response, considering both patients with persistent cCR and pCR, was reached in 16 cases (33.3%).

Details of patient characteristics and clinical and treatment features are summarized in Table 1.


Table 1 | Patient characteristics.



At a median follow-up of 31 months (range 4–47), 8 patients (16.7%) developed distant metastases, 5 patients at the lung, and 3 at the liver.

A total of 1,099 variables were calculated and evaluated at the univariate analysis, to quantify their ability in predicting the 2yDFS, more specifically, 1,067 RF (582 basal and 485 delta features) and 32 clinical variables.

The most significant RF in identifying 2yDFS was the variation in terms of the area/surface ratio, between BED at 54 Gy and simulation (AV(d4)), which showed an AUC of 0.92 (0.84–1 as 95% confidence interval).

As for clinical features, the type of concomitant and adjuvant chemotherapy showed statistical significance in predicting 2yDFS (p = 0.04).

When combining AV(d4) with the type of chemotherapy (Chemo+AV(d4)), an AUC value of 0.90 (0.81–0.99) was obtained, with a sensitivity of 1.00 and specificity of 0.875 at the best discriminative threshold.

The obtained ROC curves are shown in Figure 2, while Table 2 reports values of sensitivity, specificity, and AUC for the two predictive models.




Figure 2 | ROC curves of the model elaborated.




Table 2 | Sensitivity, specificity, and AUC for the two predictive models.



With regard to the ability of ERITCP in predicting 2yDFS, the best performance was obtained at a BED level of 40 Gy (p = 0.04), while only limited predictive ability was observed when a BED level of 26 Gy is reached (p = 0.08).



Discussion

Accurate predictive models are very useful for treatment selection and risk stratification for LARC patients (14), and it is important to define the most appropriate endpoints in order to developed appropriately tailored treatments (12).

DFS is used as outcome in several studies about rectal cancer management (38–40). Basing on the previous work by Valentini et al., 2yDFS has been shown to be a reliable predictor of OS, even stronger than pCR achievement (8).

The feasibility of 2yDFS prediction using a delta radiomics approach was investigated in this retrospective multicentric study in LARC patients undergoing MRgRT.

Boldrini et al. (16) previously demonstrated that delta radiomics and image feature variation during MRgRT treatment may efficaciously describe LARC behavior in terms of post nCRT pCR prediction.

The results here obtained show a 2yDFS predictive ability with an AUC value of 0.92, using the delta AV at the fourth week of treatment.

Interestingly, the combination of delta RF with clinical features (i.e., chemotherapy administration) did not allow to achieve better predictive performances for 2yDFS in LARC patients.

This is in line with the recent studies that evaluated the correlation of delta radiomics features before and after chemoradiotherapy, demonstrating that delta radiomics signatures were independent predictors of treatment response (16, 41).

Besides the very limited delta radiomics experiences, few studies have shown that radiomics features can be extracted from MR scans and used to predict early distant recurrence of LARC patients (15, 42, 43).

A delta radiomics approach was used by Chiloiro et al. to predict the occurrence of DM (15), proposing a model with a balanced accuracy, accuracy, specificity, and sensitivity of 0.785, 0.809, 0.857, and 0.714, respectively. Li et al. (42) developed and validated a combined model that incorporated radiomics features and clinical factors, with an AUC of 0.842 and 0.802 for the training set and validation set, respectively, that may aid in individualized prediction of DM.

Moreover, Liu et al. (43) developed and validated an MRI-based radiomics signature for prediction of DM, by stratifying patients who might benefit from adjuvant chemotherapy.

Latest studies have demonstrated the validity of ERITCP to predict the pCR status and long-term distant metastasis-free survival (17, 18, 44). Fiorino et al. demonstrated that ERITCP showed high performances in predicting the pathological response (44) and predicts long-term DM-free survival after nCRT for rectal cancer (17).

Cusumano et al. (18) confirmed the validity of ERITCP as a pCR predictor in the context of low-tesla MRgRT and indicate 25 Gy as the best BED level to perform predictions.

In the current study, the best predictive performance of ERITCP was obtained when a BED level of nearly 40 Gy is reached (p = 0.04).

As far as the authors know, this study is the first to develop a predictive model of 2yDFS in rectal cancer using a delta radiomics approach with images acquired during the course of 0.35 T MRgRT.

The most significant radiomics features was AV(d4), which measures the variation of the GTV area/volume ratio between the fourth treatment week and the simulation, again indicating how the morphological variation of GTV during treatment can be predictable of 2yDFS, and not only of pCR, as already demonstrated in some studies (16, 18, 19).

Despite its novelty and methodological robustness, this study suffers some limitations.

First is the relatively small sample size based on retrospective analysis, reflecting the very low number of active MRgRT centers treating LARC patients with long-course radiotherapy.

Second is the limited number of other considered outcomes, which can be used to build a robust and accurate hybrid predictive model.

Last is the lack of a dataset containing a significant number of events to be considered as external validation set, which represents a mandatory step to demonstrate the applicability of the model in a cohort of patients from other institutions and moving toward the clinical application.

Despite these limitations, the results of this study support a promising role of delta radiomics analysis on low-field MR images in predicting 2yDFS for LARC patients.

Further analyses including larger cohorts of patients and a more robust external validation are needed to confirm these preliminary results.

One of the future directions of this work once reaching a significant number of patients will be that of carrying out a dedicated analysis on subpopulations treated with different adjuvant chemotherapy schemes, with the aim of obtaining indications on the optimal chemotherapy approach on the basis of radiomics information extracted from MRI, as already demonstrated on similar experiences carried out on 1.5-T MR images (45).

In the future, predictive models of 2yDFS should be designed in order to identify the subset of patients with a higher risk of DM for a specific adjuvant treatment definition and an effective therapy personalization, including the selection of patients that may benefit from intensified follow-up protocols aiming at the optimization of the available national health system resources.
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Background and Purpose

The low rate of internal mammary node (IMN) recurrence was attributed to systemic therapy and internal mammary chain (IMC) coverage by the tangential fields of irradiation. This study aimed to evaluate the incidental irradiation dose to the IMC in breast cancer patients after surgery and to estimate the clinical predictive parameters affecting the magnitude of the IMC.



Materials and Methods

A total of 138 patients treated with postmastectomy radiotherapy and 210 patients undergoing radiotherapy after breast-conserving surgery (BCS) in our hospital were retrospectively analyzed. The mean dose (Dmean) to the IMC and the first to third intercostal spaces of IMC levels (ICS1–3) were evaluated. We evaluated the IMC coverage according to the type of surgery and whether the ipsilateral supraclavicular fossa (SCF) was included in the irradiation field.



Results

The incidental radiation dose to the IMC was 29.69 Gy, and the dose delivered to the IMC, ICS1, and ICS2 showed a greater coverage in the modified radical mastectomy (MRM) group when compared with the BCS group (32.85 vs. 27.1 Gy, 26.6 vs. 12.5 Gy, 34.63 vs. 30.42 Gy). The dose delivered to ICS3 showed no difference between the MRM and BCS groups (37.41 vs. 36.24 Gy). Furthermore, 131 patients (37.64%) received radiotherapy to the chest wall and ipsilateral SCF. In the univariate analysis, both surgery type and SCF irradiation were parameters affecting the Dmean of incidental radiation to the IMC (r = −0.179, P = 0.001; r = −0.175, P = 0.001). In the multivariate analysis, surgery type was the only correlative factor that affected incidental radiation dose to the IMC (r = –3.534, P = 0.000).



Conclusion

The real influencing factor of incidental dose to the IMC was the surgery form rather than the accession of SCF irradiation.





Keywords: breast cancer, radiotherapy, radical mastectomy, breast-conserving surgery, internal mammary chain incidental irradiation dose



Introduction

Adjuvant breast cancer radiotherapy reduces the risk of local/regional recurrence and improves overall survival (OS) of patients undergoing breast-conserving surgery (BCS) and mastectomy (1, 2). In 2016, the National Comprehensive Cancer Network published updated clinical practice guidelines, and the Royal College of Radiologists published a consensus statement that included internal mammary node (IMN) irradiation (IMNI) guidelines and practice changes (3, 4). IMNI was administered to patients with positive axillary lymph nodes (ALNs) and patients with medial or central breast cancers while ALN was negative.

When patients underwent three-dimensional (3D) treatment planning, the incidence and severity of radiation-induced lung injury and ischemic cardiac events were minimal and acceptable (5, 6). However, an ancillary result from the Korean Radiation Oncology Group 08-06 study has revealed that radiation pneumonitis (RP) increased in breast cancer patients (6.5% of patients who underwent IMNI vs. 3.3% of patients who did not undergo IMNI) with internal mammary chain (IMC) irradiation, and grade 2 RP was observed only in the IMNI group (5). In the Danish Breast Cancer Cooperative Group-IMN study, all patients with left-sided breast cancer were treated without IMNI (median follow-up period: 9.6 years), but a systematic review and meta-analysis proved that when IMNI was performed, patients with left-sided breast cancer were at a higher risk of cardiovascular (CV) death than those with right-sided breast cancer (6). This difference in CV mortality was more apparent after 15 years of follow-up (7). A 15-year analysis of the European Organization for Research and Treatment of Cancer (EORTC) 22922/10925 trial showed that IMC and supraclavicular fossa (SCF) lymph node chain irradiation significantly reduced breast cancer mortality and recurrence in patients with stage I–III breast cancer. However, this does not translate to improved OS, nor does it provide any indication of their late irradiation reactions (8).

The IMN metastasis rate for patients with positive ALN metastases was 28%–52%, whereas the metastasis rate for patients with IMN involvement of tumor with medial or central location was 32%–65% (9). Despite the high incidence of IMN involvement after primary breast cancer treatment, the overall recurrence rate in IMNs is <1.5% even when IMCs are not excised or irradiated (10–12). For patients with negative ALNs and one to three positive ALNs, the recurrence rate in IMN was <0.3% (9), and in the IMC irradiation group, the recurrence rate was 0.2% (10). The clinical outcomes of incidental radiation to regional lymph nodes in terms of locoregional control are gaining widespread attention (13–23). The exceptionally uncommon overall recurrence in the IMNs is associated with systemic treatment and incidental IMNI (10, 20).

We have proven that incidental irradiation dose to the IMC was not associated with radiotherapy technique, both for patients who underwent BCS and modified radical mastectomy (MRM) (21–23). Given the fact that the correlation identified between IMNI dose and surgical treatment is still unclear, our study evaluated the incidental irradiation of IMC drainage routes [first to third intercostal spaces (ICS1–3)] with no formal indication for irradiation of the IMC in a real-life cohort. First, the impact of the type of surgery on IMC coverage in breast cancer patients in China who did not receive IMC irradiation was investigated. Second, the impact of the addition of ipsilateral SCF irradiation on incidental IMNI dose was evaluated.



Materials and Methods


Patient Population

Between April 2012 and May 2017, patients who had undergone MRM or BCS and ALN dissection were included in this retrospective study. Patients who had undergone a sentinel node biopsy followed by an axillary dissection in the case of a positive node were also included. All these patients were newly diagnosed with histologically confirmed invasive breast carcinoma.

All patients were confirmed to have no clinical or pathological evidence of IMN involvement at the time of diagnosis, and IMCs were not included in the clinical target volume (CTV). The Institutional Research Ethics Board of Shandong Cancer Hospital and Institute approved this study (SDTHEC201703014), and all methods were performed in accordance with relevant guidelines and regulations. The requirement for written informed consent from patients was waived due to the retrospective nature of the investigation (retrospective single-institution cohort study).



IMC Delineation

IMC CTV was defined by a radiation oncologist. IMC was delineated based on the Radiation Therapy Oncology Group (RTOG) breast cancer contouring atlas (online at: https://www.nrgoncology.org/Portals/0/Scientific%20Program/CIRO/BreastCancerAtlas_corr.pdf?ver=WoGzc4ixtKknUz1-6bVFCw%3d%3d), from ICS1–3 through the topography of the internal thoracic vessels. The planning target volume (PTV) of the IMC (PTVIMC) was designed to include an expansion of 5 mm around the IMC CTV. The same contouring atlas was followed to minimize the interobserver variability in the IMC and achieve the most precise and objective comparison.



Treatment Planning

For patients undergoing MRM, the prescription dose to the PTV was 50 Gy in 25 fractions (2 Gy per fraction). For patients undergoing BCS, the prescription dose was 60.2 Gy in 28 fractions (2.15 Gy per fraction) to the PTV of the tumor bed and 50.4 Gy in 28 fractions (1.8 Gy per fraction) to the PTV of the breast. The enrolled patients were treated with one of the three irradiation techniques described below. All treatments were performed using 6-MV photon beams 5 days a week for 5–6 weeks.


Three-Dimensional Conformal Radiotherapy (3D-CRT)

The chest wall (breast) was treated with two opposite tangential fields, and the ipsilateral SCF was treated with a single anterior field. The criterion of the three-dimensional conformal radiotherapy (3D-CRT) plan was to ensure that at least 90% of the PTV received the prescription dose.



Field-in-Field Forward Intensity-Modulated Radiotherapy

The chest wall (breast) treatment plan involved the tangential field technique with static multileaf collimator segments and two parallel-opposed tangential fields. Two to five segmented fields were manipulated to maintain dose delivery to organs at risk, such as the ipsilateral lung and heart, within normally accepted tolerances and to reduce the volume of hot spots in the treatment field. Four to five fields were directed toward the SCF to guarantee dose uniformity. The criterion of the forward intensity-modulated radiotherapy (F-IMRT) plan was to ensure that at least 95% of the PTV received the prescription dose.



Inverse IMRT

The common isocenter was located at the center of the PTV. The tangential field technique was set to involve the entire PTV, and additional 0° and 40° MLC segments were constructed to involve the SCF. Additional subfields were set to reduce hot regions generated by the primary tangential fields and improve PTV dose uniformity to achieve dose homogeneity.




Statistical Methods

Statistical analysis was performed with the SPSS statistical analysis software package. Based on the normality of the distributions, the Mann–Whitney U test was used to assess the statistical significance of the differences between the covariates. The Spearman rank correlation test was used to assess the relationship between IMNI dose differences and the covariates. All tests were two-sided. The results were regarded as statistically significant when P was <0.05.




Results

Between 2012 and 2017, a total of 348 breast cancer patients were enrolled in this retrospective study. Among these, 138 patients received adjuvant postmastectomy radiotherapy, and the remaining 210 underwent radiotherapy after BCS. A total of 335 patients were diagnosed with invasive ductal carcinoma, 3 with invasive lobular carcinoma, 1 with invasive papillary carcinoma, and 9 with ductal carcinoma in situ. Table 1 outlines the patient and treatment characteristics. None of the patients received radiotherapy to the ipsilateral IMC.


Table 1 | Patient characteristics and treatment variables.



The mean dose (Dmean) to the IMC was 29.69 Gy (range: 2.76–52.93 Gy) for all patients. According to the surgery employed, the Dmean to the IMC in patients undergoing MRM showed a greater coverage than in those undergoing BCS (32.85 vs. 27.10 Gy, P = 0.001). The incidental ICS1 dosimetry was also higher in the MRM group than in the BCS group. The differences in total IMC and ICS1–3 between the MRM and BCS surgical types while using different irradiation techniques are listed in Table 2.


Table 2 | Comparison of the incidental IMC dose between the MRM and BCS groups.



Furthermore, 131 of the 348 patients (37.64%) received adjuvant postsurgical radiotherapy to the chest wall (breast) and ipsilateral SCF, and the remaining 217 (62.36%) received radiotherapy to the chest wall (breast) only. Except for patients who underwent F-IMRT, the average dose delivered to the IMC showed a greater coverage in the chest wall (breast) and ipsilateral SCF irradiation compared with only breast irradiation (Table 3). The dose delivered to the first two ICSs showed a greater coverage in patients with SCF irradiation than in those without SCF irradiation (Figure 1), whereas there was no significant difference for ICS3 (P = 0.296). Analysis of the patients who received 3D-CRT and inverse IMRT (I-IMRT) revealed that the Dmean of the IMC was also higher in patients with chest wall (breast) and ipsilateral SCF irradiation compared with only breast irradiation (P = 0.008, P = 0.016). However, there was no significant difference among patients who underwent F-IMRT (P = 0.407). For patients who underwent simultaneous integrated boost IMRT after BCS, the Dmean to the IMC in patients with inner-quadrant cancers showed a greater coverage of IMC than in patients with outer-quadrant cancers (Table 4). Similarly, the influence of the techniques was insignificant.


Table 3 | Comparison of the mean dose in IMC with SCF versus without SCF.






Figure 1 | Histogram: mean incidental dose to the IMC and the first to third intercostal spaces of the IMC. The dose delivered to the IMC and the first two ICSs showed greater coverage in patients with SCF irradiation (P = 0.001, 0.000, 0.011). IMC, internal mammary chain; SCF, supraclavicular fossa; ICS1, first intercostal space; ICS2, second intercostal space; ICS3, third intercostal space.




Table 4 | Impact of the location of the tumor bed on the incidental dose to the IMC.



We evaluated the IMC coverage in patients treated after surgery, according to the type of surgery and whether the ipsilateral SCF was included in the irradiation field. In the univariate analysis, the incidental IMC dose was significantly higher in patients who underwent MRM and SCF irradiation. In the multivariate analysis, only the method of surgery was the correlative factor that affected incidental IMNI dose (Table 5).


Table 5 | Univariate and multivariate regression analyses of incidental IMC dose difference.





Discussion

During radiotherapy for breast cancer, the rates of major coronary events increased linearly with the mean heart dose (MHD) (24–26), and for every 1-Gy increase in MHD, the Dmean of the left anterior descending artery increased by 3.4 Gy (27). The Breast Cancer Expert Panel of the German Society of Radiation Oncology (DEGRO) recommends an MHD <2.5 Gy for breast cancer radiation therapy (RT) treatment planning (28, 29). In patients with left-sided breast cancer who received IMC irradiation, the MHD was increased by nearly 3.5 Gy when compared with patients who did not receive IMC irradiation (8 vs. 5.6 Gy) (30). For left-sided breast cancer patients, the cumulative risk of cardiac deaths was 1.9% after 10 years, but it significantly increased to 6.4% after 20 years (29). The risk of breast cancer-specific mortality and a patient’s cardiac risk factors must be individually weighed against the risk of radiation-induced cardiotoxicity. DeSelm et al. (31) mapped the anatomic pattern of isolated nodal recurrences (NRs) in breast cancer patients treated with suitable surgery with or without RT, and 153 eligible patients were enrolled. Among the 79 NRs in the IMN chain, 63.3% (50/79), 18% (14/79), and 13% (10/79) were located in the first, second, and third ICSs, respectively. According to the guidelines of the RTOG or European Society for Radiation therapy and Oncology (ESTRO), there were 97.5% (77/79) IMN recurrences in the CTV. After curative system treatment, the overall recurrence rate in the IMNs was <1.5% even when the IMC was not excised or irradiated (9–12). Therefore, studies on the contribution of incidental radiation doses to the IMC are still ongoing. The purpose of these studies is to combine the physical and technical parameters, as well as genomic and radiomic characteristics, to improve the forecast performance of IMN metastasis and to prevent low-risk patients from receiving unnecessary radiotherapy that necessitates tailored system treatment (surgery, chemotherapy, endocrinotherapy, or targeted therapy).

Regardless of the radiotherapy technique, incidental ICS1 dose is higher in patients who have undergone MRM than in those who have undergone BCS (Table 2). The result of the correlation analysis showed that surgical treatment could affect the incidental IMC dose. Sapienza et al. found that the dose delivered to the IMC showed no significant difference between MRM and MRM plus immediate reconstruction (16). Hence, for patients treated with semi-opposed tangential 3D-CRT or IMRT, the incidental dose delivered to the IMC was not associated with chest wall thickness after MRM. The presternal fat thickness was inversely correlated with IMC inclusion in the tangent fields (32), and further analysis of dosimetric parameters proved that the higher volume of the PTVIMC receiving a radiation dose of 40 Gy (V40) was correlated with a thin covering of presternal fat (33).

For patients treated with 3D-CRT after surgery, the Dmean to the IMC showed a greater coverage in patients who underwent MRM than in those who underwent BCS (20, 32, 34). Currently, IMRT has become the mainstream technology for treating breast cancer patients after surgery. A single−institute dosimetric study proved that the IMLN area receives higher incidental radiation dose for MRM than BCS in carcinoma breast patients treated with the F-IMRT technique (34). Patients with breast cancer who underwent postsurgery I-IMRT or F-IMRT were included in this study, and the calculated results have the same trend as the experimental results in patients who underwent 3D-CRT and I-IMRT. However, when patients underwent F-IMRT, the dose delivered to the IMC showed no significant difference between the MRM and BCS groups. To reduce OAR (e.g., ipsilateral lung, contralateral breast, heart) exposure, tomotherapy actively relocates isodoses from OAR areas toward areas usually with no restraint of the treatment plan optimization, such as the IMLN and ALN regions. Therefore, compared with 3D-CRT, the IMC incidental dose increased 106% during irradiation using the tomotherapy technique (13.5 vs. 27.8 Gy) (35). However, the tomotherapy technique has not become a routine radiotherapy option for breast cancer adjuvant radiotherapy.

With systematic and tailored therapy, an increasing number of breast cancer patients accept BCS directly or undergo BCS after neoadjuvant therapy (36, 37). Breast conservation versus mastectomy is associated with improved cosmetic outcomes and quality of life (38). Our previous study has found that a boost to the tumor bed in these patients did not increase the Dmean to the IMC, whether they underwent 3D-CRT, F-IMRT, or I-IMRT (21), which was consistent with the results of Sapienza et al. (the patient accepted CRT alone) (16). The location of the tumor bed is also a significant factor that influences IMC coverage. Regardless of the radiotherapy technique, a higher dose to the tumor bed increases the Dmean to the IMC in patients with inner-quadrant cancers.

According to the literature, SCF involvement is an insignificant predictor of IMC involvement dose (16, 23). In patients who received CRT, the incidental dose delivered to the IMC showed similar coverage in the SCF group compared with the non-SCF group (16). Therefore, it will be far more meaningful to study incidental IMC irradiation in a treatment plan that includes ipsilateral breast and supra/infraclavicular field. Our previous study found that when the influence of techniques was combined in patients with MRM, there was no significant increase in the Dmean to the IMC due to the addition of SCF (23). However, these two studies included a relatively small number of patients with SCF irradiation (nine and seven patients, respectively). The effect of regional lymphatic drainage area irradiation on the incidental IMC dose needs to be improved by increasing the sample size. A total of 131 patients with SCF irradiation were included in this study, and the dose delivered to the IMC showed a greater coverage of IMC in the SCF irradiation group compared with the non-SCF irradiation group (32.87 vs. 26.80 Gy). According to the correlation analysis, the irradiation field with or without SCF was not a parameter that affected the incidental Dmean of the IMC. The anatomic difference resulting from surgery type was the only parameter that affected IMC dose. According to our results, the addition of SCF irradiation increased the Dmean to the IMC in the 3D-CRT and I-IMRT groups, but not in the F-IMRT group (Table 3). Profound differences in the radiotherapy technique are most likely because for patients who underwent F-IMRT, SCF planning used half-beam irradiation (three to four fields), with the isocenter placed at the interface of the SCF field and chest wall/breast field. Furthermore, to reduce the apex pulmonis dose, the SCF field was irradiated with X-ray mixed with electron beams. Therefore, SCF plans were optimized to deliver at least 90% of the PTV receiving the prescription dose, which was below the planning acceptance criteria of 3D-CRT and I-IMRT.

The Early Breast Cancer Trialists’ Collaborative Group (EBCTCG) analyzed the long-term outcomes of neoadjuvant versus adjuvant chemotherapy in early breast cancer from 10 randomized trials and found that patients who received neoadjuvant chemotherapy (NACT) had a higher 15-year local recurrence after BCS than patients with the same dimensions who did not receive NACT (21.4% vs. 15.9%) (39). Thus, despite the increase in the feasibility of BCS for locally advanced breast cancer patients after NACT, to avoid underdosage in the IMC fields in patients who meet certain eligibility criteria (according to both preoperative clinical stage and postoperative pathological stage) and are indicated for elective IMNI, avoiding IMC irradiation using any of the above three techniques after BCS is not recommended.



Conclusions

IMC received inadequate incidental radiation dose coverage with all the three techniques (3D-CRT, F-IMRT, and I-IMRT), both in patients undergoing MRM and BCS. The incidental dose delivered to the IMC was significantly lower in patients undergoing BCS than in those undergoing MRM, especially for the first ICS. We concluded that the most important factor affecting the incidental IMC dose was not SCF irradiation but the operative approach.
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Purpose

Pancreatic cancer is the fourth leading cause of cancer-related death, with a very low 5-year overall survival rate (OS). Radiation therapy (RT) together with dose escalation significantly increases the OS at 2 and 3 years. However, dose escalation is very limited due to the proximity of the duodenum. Hydrogel spacers are an effective way to reduce duodenal toxicity, but the complexity of the anatomy and the procedure makes the success and effectiveness of the spacer procedure highly uncertain. To provide a preoperative simulation of hydrogel spacers, we presented a patient-specific spacer simulator algorithm and used it to create a decision support system (DSS) to provide a preoperative optimal spacer location to maximize the spacer benefits.



Materials and Methods

Our study was divided into three phases. In the validation phase, we evaluated the patient-specific spacer simulator algorithm (FEMOSSA) for the duodenal spacer using the dice similarity coefficient (DSC), overlap volume histogram (OVH), and radial nearest neighbor distance (RNND). For the simulation phase, we simulated four virtual spacer scenarios based on the location of the spacer in para-duodenal space. Next, stereotactic body radiation therapy (SBRT) plans were designed and dosimetrically analyzed. Finally, in the prediction phase, using the result of the simulation phase, we created a Bayesian DSS to predict the optimal spacer location and biological effective dose (BED).



Results

A realistic simulation of the spacer was achieved, reflected in a statistically significant increase in average target and duodenal DSC for the simulated spacer. Moreover, the small difference in average mean and 5th-percentile RNNDs (0.5 and 2.1 mm) and OVH thresholds (average of less than 0.75 mm) showed that the simulation attained similar separation as the real spacer. We found a spacer-location-independent decrease in duodenal V20Gy, a highly spacer-location-dependent change in V33Gy, and a strong correlation between L1cc and V33Gy. Finally, the Bayesian DSS predicted the change in BED with a root mean squared error of 3.6 Gys.



Conclusions

A duodenal spacer simulator platform was developed and used to systematically study the dosimetric effect of spacer location. Further, L1cc is an informative anatomical feedback to guide the DSS to indicate the spacer efficacy, optimum location, and expected improvement.





Keywords: FEMOSSA, Bayesian-based decision support system, finite element-based simulation, spacer-enabled pancreatic radiotherapy, personalized duodenal hydrogel spacer



1 Introduction

Pancreatic cancer is the fourth leading cause of cancer-related death and the 12th most common malignancy in the US, with nearly 60,000 cases each year and only less than 10% 5-year overall survival rate (1). More than one-third of the patients present with local and local/regional metastasis stage and are at great risk of distant progression (1–3). Therefore, local control (LC) is of great importance for these patients. Radiation therapy (RT), as a local-regional anticancer treatment, is an effective way to achieve LC, and using the dose escalation with intensity-modulated radiotherapy (IMRT) and stereotactic body radiation therapy (SBRT) can improve the RT outcome (4–7).

Recent studies have shown that RT together with dose escalation increases the OS at 2 years from 19% to 36%, and at 3 years from 9% to 31% (8, 9). Reaching the biologically effective dose (BED10) of 70 Gy can considerably improve LC and overall survival rate (4, 10–15). However, the major concern with dose escalation is the toxicity of adjacent organs at risk (OARs), namely, stomach, bowel, and primarily duodenum, due to its proximity to the pancreas. MRI-guided RT is now used in some treatment units, in which high tumor doses can be delivered while still meeting the toxicity constraints of OAR (16, 17). However, a lack of compatibility with the current treatment system and time-consuming workflow limits its application. Achieving safe dose escalation for daily treatment using MRI information needs a new daily MRI image, which in turn triggers a new and longer and undesirable treatment plan (30 to 40 min longer). Unfortunately, even the detection of intra-fraction anatomic variation during the lengthy treatment would rarely lead to further intervention due to time constraints.

Another possible solution to deliver a high radiation dose while sparing the radiosensitive organs is the insertion of a spacer to increase the separation between the tumor and OARs. Duodenal hydrogel spacer implantation is shown to be an effective way to increase the separation between the tumor and duodenum to decrease the duodenal dose and toxicity (13, 18–26). The previous studies demonstrated that the injection of a rectal hydrogel spacer comes with many risks such as infection, inflammation, soft-tissue wall infiltration, and uncertainty in outcome of the procedure (27–29). Moreover, the misplaced hydrogel may decrease the efficacy and cause further discomfort for the patient (29). Similar risks are associated with the duodenal spacer for pancreatic cancer patients which makes the effectiveness of the spacer insertion procedure uncertain.

Additionally, the hard-to-reach location of the duodenum pancreas interface considerably increases the complexity of the procedure and chance of failure. Moreover, the duodenal hydrogel spacer system (TraceIT Tissue Marker; Boston Scientific, Marlborough, MA), at the current stage, is only designed to be used for separation of the head of the pancreas (HOP) and duodenum (Figure 1). However, stomach and bowel can also be major dose-limiting OARs for pancreatic RT. Thus, in such a case, the spacer may not have enough, or even, any benefits at all. Thus, the lack of a predictive model of spacer placement and dosimetric benefits may limit the optimal use of a duodenal spacer in practice.




Figure 1 | An illustration of the pancreas and different sections of the duodenum (C loop). (A) Before the hydrogel injection (pre-injection), and (B) after the hydrogel injection (post-injection).



The purpose of this study is to provide a preoperative decision support system by performing a systematic study of the different scenarios of spacer location in the duodenal loop. To do so, we took advantage of our in-house, anatomical-based and patient-specific hydrogel spacer simulation algorithm, FEMOSSA, to simulate the different scenarios of hydrogel spacer placement (30, 31). Next, we designed SBRT plans and used the result of dosimetric analysis of the RT plans to create a predictive decision support system (DSS) for the duodenal hydrogel injection procedure.

The DSS aims at helping the physician better decide whether the spacer procedure is beneficial, and FEMOSSA provides a preoperative simulation of spacer placement that can be used for a detailed examination of dose distribution and dosimetric analysis. If the spacer location is approved, the preoperative simulation guides the spacer insertion procedure. Hence, we hypothesize that the efficacy of the duodenal spacer highly depends on the duodenum-target geometry, and the DSS and FEMOSSA can personalize and optimize the hydrogel injection procedure and thus maximize the benefits and minimize the risks and uncertainties. As a result, we believe that this study is a realization of precision medicine in pancreatic cancer treatment (32).



2 Materials and Methods

We divided our work into three phases: validation phase, simulation phase, and prediction phase. Due to the very limited number of clinical cases of the duodenal spacer, to design and create a reliable predictive decision support system, we first extended the application of our hydrogel spacer simulation algorithm, FEMOSSA, to simulate different scenarios of spacer placement. Thus, as the first step, in the validation phase, we fine-tuned the FEMOSSA parameters to spacer insertion in the duodenum–pancreas interface problem and validated the simulation performance with the pair pre–post-injection data. FEMOSSA has already been validated for rectal spacer simulation and has shown strong performance in providing a patient-specific simulation of rectal hydrogel insertion compared to other studies (30, 33). Previously, our group also simulated the virtual spacer by shifting the structures (34), and more recently, another group used contour overriding (19). To the best of our knowledge, FEMOSSA is the first of its kind to provide an anatomical-based and patient-specific simulation of duodenal hydrogel spacers.

In the simulation phase, FEMOSSA was used to simulate four different spacer insertion scenarios to study the correlation between spacer location and benefits. Finally, in the prediction phase, SBRT plans were created for all scenarios and analyzed from the dosimetric point of view to create the DSS. For the validation phase, the spacer distribution was determined from a rigid registration of pre-and postinjection; however, for the simulation phase, by taking advantage of the FEMOSSA built-in user interface, we simulated the virtual spacer in various sections of the duodenal C-loop. Table 1 shows an overview of the three phases of the study.


Table 1 | An overview of the three phases of the study.




2.1 Data Collection and Preparation

Data from two cadavers and 20 patients, a total of 22 cases, were used for this study. Two cadavers and two patients with pre–postinjection scans available were used for the validation phase, and the pre-injection scans from the 20 patients (including the pre-injection scans from two patients used for validation) were included in the simulation and prediction phases of the study. Organ contours were delineated by clinicians using Varian Velocity (Varian Medical Systems, Palo Alto, CA). All scans were acquired with 2-mm slice thickness, 120 kVp, 200 mA, and 50 cm field of view.



2.2 Validation Phase

FEMOSSA parameters were, first, fine-tuned, and then the simulation result was validated on data from two cadavers and two patients that have been injected with duodenal hydrogel. Since, in this study, we used the same principles and only fine-tuned FEMOSSA for the duodenal spacer, for more detail on the different components of FEMOSSA we encourage the readers to refer to our previous study (Hamed 30). Similar figures of merit as our previous study were used to evaluate the duodenal spacer from different aspects: (1) dice similarity coefficient (DSC) between the target and duodenum in postinjection (ground truth) and post-simulation scans, (2) radial definition of nearest neighbor distance (RNND), adapted to the C-loop-like anatomy of the duodenal loop, and (3) overlapped volume histogram (OVH) L1CC, L3CC, L5CC, L10CC, and L20CC  defined as the amount of uniform expansion of the target to have 1-, 3-, 5-, 10-, and 20-cc-volume overlaps with the duodenum (30).


2.2.1 Finite Element Model Generation

Here, we summarized the steps to create the FE model from the original contours. The generation of the FE model began by converting the 3D binary masks to triangular surface mesh. The surface mesh was smoothed using the volume-preserving Laplacian smoothing algorithm. A 3D four-node tetrahedral was used to create elements bounded to the triangular surface mesh and thus a volume mesh of the structures. To have an accurate representation of hollow organs, like the duodenum, we developed an algorithm that creates a volume 3D mesh bounded to two triangular surface meshes 2 to 3 mm away from each other. The thickness of 2 to 3 mm for the duodenum is chosen based on measurements from previous clinical studies (35–37). We turned this complex physical phenomenon into a more manageable and practically solvable problem by using an innovative, simplified, and yet realistic definition. We defined the spacer placement procedure as a translation of hydrogel distribution assembly from an initial position, tangent to the surface of ROIs, toward the final, desired spacer location that on its way pushes the proximal ROI surface and deforms them.

We ensure the well-posed definition of the FE problem by using boundary conditions inspired by the anatomy of the duodenum–pancreas interface. Comparing the pre-injection and postinjection scans revealed that the inferior surface of the horizontal part of the duodenum (D3) relatively stays in the same position. On the other hand, the descending and ascending parts of the duodenum (D2 and D4) move considerably. Due to the higher stiffness of the stomach and sphincter, the movement of the duodenum section immediately after the stomach (D1) is limited. Accordingly, the mesh nodes corresponding to the inferior wall of the D3 and the nodes on the duodenum mesh within 2-mm distance from the stomach were bound to mimic these restrictions. In the case of the target structure (HOP), no global movement, but rather a local deformation of the HOP–duodenum interface, was observed. Thus, we fixated the superior and inferior margins of HOP mesh, preventing global movements while allowing local deformation of the structure.



2.2.2 Finite Element Analysis

For the validation cases, the postinjection scans were used as the ground truth. To determine the spacer distribution in the pre-injection scan, we rigidly registered the postinjection scan to pre-injection. The distribution of the spacer in the rigidly registered scan was used for virtual spacer simulation in the pre-injection set. The FE model was, then, analyzed and solved for nodes’ translation using the ABAQUS software package. The analysis was done on a Dell XPS 15, 7590, equipped with 2.4 GHz Intel Core i9, and 32 Gigabytes RAM. Finally, the results of FE analysis were interpreted as a deformation vector field that was applied to the pre-injection scan and structure set to create the post-simulation scan and structures.



2.2.3 Model Evaluation

Three figures of merit were used to evaluate the duodenal spacer from different aspects. First is the dice similarity coefficient (DSC) for target and duodenum postinjection (ground truth) and post-simulation masks. The DSC provides an insight into the general similarity of the 3D structures. However, the main goal of FEMOSSA is to simulate the separation of ROIs rather than producing the same exact contours, which is the purpose of the registration task. Thus, to evaluate the separation from a 3D point of view, we compared the OAR and target-overlapped volume histogram (OVH) between the post-simulation and postinjection. We chose five points on the OVH curve, L1CC, L3CC, L5CC, L10CC, and L20CC -the uniform expansion of the target that overlaps with 1-, 3-, 5-, 10-, and 20-cc volume of OAR, respectively.

While OVH provides a volumetric 3D evaluation of the increase in separation, the radial nearest neighbor distance (RNND) gives a 2D evaluation of the separation. For any two given structures, RNND measures the closest distance from every point on one structure’s margin to all the points on the margin of the other structure that fall in the same 3D spatial angle range (angle bin). Since the stomach and adjacent duodenum (D1) remain relatively in the same location compared to the surrounding structures, it was used as the origin for angle calculation. For every angle bin, a distribution of RNNDs was obtained, and the mean and 5th-percentile values were used as the representative values.




2.3 Simulation Phase


2.3.1 Virtual Spacer Simulation Scenarios

The pre-injection scan from 20 cases (Scenario Zero, S0) was augmented with three virtual spacer scenarios based on the involvement of the duodenum–target interface: between the target and D1–D2 (Scenario one, S1), D1–D2 and D3 (Scenario two, S2), and lastly, D1–D2, D3, and D4 (Scenario three, S3). Based on our experience in early trials, the injected hydrogel volume for each section was limited to less than 10 ml (20). SBRT plans were designed for the four scenarios and then analyzed to study the correlation between spacer location and benefits.



2.3.2 SBRT Planning

A total of 80 (20 cases and each case four scenarios) volumetric modulated arc therapy SBRT plans (33 Gy in 5 fractions) were designed according to the RT planning protocol in our institute. The gross target volume (GTV) was expanded by 3 mm to get mock GTV (GTV-multabc) from multiple CTs under active breath control. The GTV-multabc was further expanded by 2 mm to get the planning target volume (PTV). For further details, please refer to our previous study (14, 38).

The SBRT planning objectives and constraints were as follows: at least 90% of PTV volume receive 33 Gy, 100% of PTV volume receive 25 Gy, less than 1 cc of PTV volume receive ≥42.9 Gy, at least 95% of GTV-multabc volume receive 33 Gy, 100% of GTV volume receive 33, less than 25% of kidney volume receive ≥12 Gy, less than 50% of liver volume receive ≥12 Gy, less than 20 cc of duodenum, stomach, and bowel volume receive ≥20 Gy, less than 1 cc of duodenum, stomach, and bowel volume receive ≥33 Gy, and less than 1 cc of spinal cord volume receive ≥8 Gy. To avoid any planning bias, the planning parameters, namely, the number of beams, number of iterations, and objective functions, were identical for all the plans. Plans were optimized on the Pinnacle treatment planning system (Philips Radiation Oncology Systems, Milpitas, CA).




2.4 Prediction Phase


2.4.1 Predictive Decision Support System Design

A DSS was designed to determine (a) which OARs are the dose-limiting structures, (b) whether the patient will benefit from spacer insertion procedure, (c) how much separation is needed to achieve the desired BED, and (d) depending on patients’ anatomy and dose-limiting OARs, predicted increase in maxBED, and thus the effectiveness of the spacer placement procedure. maxBED was defined as the BED value corresponding to the maximum achievable dose escalation by scaling the plan while no OAR constraints were violated. BED was calculated with α/β ratio of 10 for the tumor.



2.4.2 Decision Support System Implementation

As shown in Figure 2, the DSS is composed of three main components: (1) a neural network (NN) to predict the pre-injection maxBED using pre-injection L1CC anatomical information; (2) a linear regression model between desired-BED and minimum required L1CC, and (3) a Bayesian regression model to predict the postinjection benefits of the spacer. For every new patient after the organs are delineated on the initial scan, OVH distances are extracted. The NN predicts the pre-injection maxBED using the L1CC for the three proximal OARs (duodenum, stomach, and bowel).




Figure 2 | The overview of the decision support system to predict the optimal location of the spacer and maximum achievable BED.



To decide whether the patient benefits from the spacer insertion, a desired BED value is needed as a reference value for making the decision. The corresponding L1CC   to the desired BED is used to determine which OAR(s) and section of the duodenal loop are dose-limiting. In addition to the duodenum, stomach and bowel can potentially severely hinder achieving plan objectives due to their proximity to the target; however, unlike in the duodenum, spacer insertion in the pancreaticoduodenal space does not reduce the receiving dose to these ROIs.

For any given  , there are three possible scenarios: (P1) only   is less than  , (P2)   and one or both of   and   are less than  , and (P3) none or only   and/or   are less than  . The change in maxBED with spacer insertion (ΔmaxBED) highly depends on the geometry of proximal OARs (P1–P3). P1 is the most beneficial case for spacer insertion, as the spacer insertion directly affects duodenal L1CC  . On the other hand, there is less improvement for P2 as the duodenum is not the only limiting OAR. For the P3 scenario, however, spacer insertion is not beneficial, because maxBED is limited by the stomach and/or bowel, but the spacer can only spare the duodenum.

We created a Bayesian multiple linear regression model using MATLAB built-in function bayeslm. The input to the model is the spacer-induced change in duodenum separation  . The output of the model is the spacer-induced change in maxBED for two possibilities P1 and P2 (ΔmaxBEDPx, x = {1, 2}). ΔmaxBEDP1 was defined as subtraction of pre-injection maxBED from post-simulation maximum achievable BED while only duodenum constraints are met. Similarly, ΔmaxBEDP2 was defined as subtraction of pre-injection maxBED from post-simulation maximum achievable BED while all constraints for the three proximal OARs are met.

We defined the Bayesian linear regression model as

	

where X is 0 for P1 and 1 for P2, and ϵ is the stochastic error term. The model creates an empirical distribution of prior probabilities for the model parameters using the Gibbs (Markov chain Monte Carlo algorithm) sampling method (10,000 draws). As a result, instead of point estimation, for each parameter an empirical posterior distribution was obtained and therefore incorporates the inherent high variability of the data.

To make a prediction using the model, DSS compares the L1CC of each proximal OAR with a minimum required distance   to find the limiting OARs. If the predicted pre-injection maxBED is less than desired-BED, depending on the patient-specific dose-limiting OARs, the Bayesian model predicts the change in maxBED after spacer placement. 10,000 samples from the posterior distribution of linear regression parameters, and the normal distribution of   (fitted to prediction mean and 95% confidence interval), were fed to the Bayesian regression model to generate a posterior probability of maxBED. For prediction, the input to the model is the amount separation needed, the subtraction of pre-injection   from  . The final output of the model is the maximum likelihood estimation of ΔmaxBED.




2.5 Statistical Analysis

Using a pairwise permutation test (n = 1,000), we tested the relationship between pre-injection, post-simulation pair, and post-simulation, postinjection DSC values. Because of the small number of subjects in the validation phase, the normality assumption was circumvented by using a non-parametric permutation test.




3 Results


3.1 Validation Results

The mean target DSC was 0.86 (range, 0.78 to 0.91) and 0.89 (range, 0.81 to 0.94) and duodenal DSC was 0.49 (range, 0.41 to 0.62) and 0.63 (range, 0.49 to 0.74) for pre–postinjection pair and post-simulation and post-injection pair, respectively. The statistically significant increase (p-value <0.01) in DSC values after simulation implies that the simulated ROIs are more similar in shape to postinjection ROIs. The low duodenal DSC is due to the highly variable shape of the duodenum.

The mean and 5th-percentile RNND profile for the pre-injection, postinjection, and post-simulation for a typical case is illustrated in Figure 3. The average difference between post-simulation and postinjection mean values and 5th-percentile values over all the cases were 0.5 and 2.1 mm, respectively. As seen in Figure 3, there was a visible increase in RNND values because of the spacer insertion. Although the post-simulation and postinjection profiles overlapped for the most part, they diverge on the right-hand side of the curve. This is the epitome of the natural variability of the duodenum. This portion of the curve corresponds to the D4 portion of the duodenum that was not injected with hydrogel in this case. As a result, the separation did not arise from the hydrogel and, therefore, was not captured by simulation.




Figure 3 | Example of RNND profile: the RNND profile was calculated for every 5° angle bin, with 0° indicating the duodenum part adjacent to stomach (D1): pre-injection (green), post-simulation (blue), and post-injection (red). Every point on the curve shows (A) mean, and (B) 5th percentile of NND values of a single-angle bin.



The probability distribution of RNNDs, created by pooling data and normalizing the histogram of the RNNDs over all cases, showed similar probability distribution for both postinjection and post-simulation (Figure 4). The absolute mean difference of OVH L1cc, L3cc, L5cc, L10cc, and L20cc between virtual and actual spacer were 0.04, 0.22,0.24, 0.34, and 0.75 mm, respectively.




Figure 4 | Probability distribution of RNND values over all cases: to remove the effect of biological variability, RNND values for each case are first normalized to the maximum post-injection RNND of the same case. (A) shows three probability distributions of normalized mean RNND values for pre-injection (green), post-simulation (blue), and post-injection (red), and (B) shows the probability distribution of normalized 5th percentile NNDs.





3.2 Simulation and Planning Results

Due to the proximity of OARs, not all plans could achieve the 95% PTV coverage (clinical goal) while meeting all OAR constraints. To make the plans comparable, they were scaled to achieve 95% <PTVV33Gy <96%. Figure 5 shows the duodenal V33Gy (Figure 5A) and V20Gy (Figure 5B) values broken down by the scenarios. As seen in Figure 5B, there was an improvement in duodenal low-dose volume (V20Gy) independent of spacer location; however, for high-dose volume, the optimum location of the spacer highly depended on the patient’s anatomy, as no significant difference between scenarios was seen (Figure 5A). The S3 scenario has significantly lower V33Gy compared to all other scenarios since the full duodenal loop interface was separated from the target by the spacer. There was no significant difference between scenarios for stomach and bowel V33Gy and V20Gy, confirming the fact that duodenal spacer insertion does not increase the stomach and bowel sparing (Figures 5C–F).




Figure 5 | A comparison of volume receiving high and low doses for all adjacent OARs (duodenum, stomach, and bowel), broken down for different scenarios. As seen, there is a statistically significant improvement in duodenal low-dose volume [20 Gy (B)] independent of scenario (spacer location), as opposed to the duodenal high-dose volume [33 Gy (A)] that highly depends on the location of the spacer. (C–F) The high-dose and low-dose volumes for bowel (C, D) and stomach (E, F). There was no statistically significant difference between the volumes among the different scenarios, indicating that the duodenal spacer placement benefits have the most effect on duodenal sparing and minimal effect on sparing the bowel and stomach. *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001, red + indicates outlier defined as a value that is more than 1.5 times the interquartile range away from the bottom or top of the box. The double red pluses are just two outlier close to each other.



A high correlation was found between duodenal L1cc and V33Gy (r2 = 0.85). A Gaussian fit was used to capture both the volumetric (power) relationship and the non-negative nature of V33 Gy. Based on the fitted model, L1cc >7 mm achieved the clinical constraint of duodenal V33Gy <1 cc, and L1cc >14 mm, resulting in V33Gy = 0 (Figure 6A). V20Gy and L20cc were also highly correlated (Gaussian fit r2 = 0.79), and L20cc >17 mm corresponds to V20Gy <20 cc (Figure 6B).




Figure 6 | The demonstration of the relationship between high-dose duodenal volume and L1cc (A) and low-dose duodenal volume and L20cc (B). Both Gaussian models show a high correlation between the duodenal volume and OVH distances.





3.3 Decision Support System Prediction Results

The NN model root mean squared prediction error for the pre-injection maxBED was 2.7 and 3.1 Gy for the training and test data, respectively. Moreover, we found a high linear correlation between maxBED and the minimum of OARs L1cc (minL1CC) shown in Figure 7A (r2 = 0.74). The Bayesian predictive model root mean squared prediction error for ΔmaxBED was 2.7 and 3.6 Gy, for the train and test data, respectively (Figure 7B). Finally, our model suggests that for 70 Gy BED an L1cc of 12.4 mm (95% confidence interval, 11.5 mm, 13.3 mm) is required.




Figure 7 | (A) the Linear model fit between maxBED and minL1CC. A high correlation was found between the two variables. (B) The prediction performance curve for the Bayesian model, predicting the ΔmaxBED.






4 Discussion

In this study, we presented a new application for FEMOSSA as a physical-based, patient-specific spacer simulation algorithm for the duodenal hydrogel spacer. We have also used FEMOSSA for the simulation of the rectal spacer in our previous study (Hamed 30, 39). These studies prove the great potential and versatility of FEMOSSA as a patient-specific spacer simulation algorithm. Not only can it be applied to other anatomical locations like head and neck spacers (24), but also it can be of great interest to both physicists and physicians to gain better insight into the mechanics of soft-tissue and hydrogel interaction in plastic surgery (40), drug (41), and biomaterial (42) delivery.

Taking advantage of FEMOSSA allowed us to do a systematic study of the correlation between spacer location and spacer benefits that is infeasible in practice. The result was used to develop a DSS to help health professionals make the most informed clinical decision and potentially spare the patients from unnecessary trauma of an invasive endoscopic ultrasound (EUS)-guided procedure and reduce the cost and time of treatment.

We validated FEMOSSA by quantifying the separation between HOP and duodenum in the complex C-loop-like shape of the duodenal loop using newly defined RNND and OVH metrics. The RNND profile can further be used as informative, quantified feedback to guide the EUS-based spacer injection procedure as it provides a 2D radial measurement of separation similar to the radial EUS viewpoint. The OVH is a scalar, on-demand metric that quantifies the 3D relative geometry of ROIs. Previously, it has been shown to have a high correlation with plan dosimetric indices (34, 43) and used to predict objectives and constraints, for automatic or semiautomatic treatment planning (44–47).

Our result showed that OVH L1CC has a very high correlation with duodenal high-dose volume (V33Gy). Given that our analysis suggests V33Gy was the main limiting factor to achieve target objectives and is highly sensitive to spacer location, we believe that L1cc is an informative preoperative and intraoperative anatomical feedback to guide the spacer procedure. Moreover, it indicates that OVH L1cc can be a good factor for automatic treatment plan optimization. These results justify the use of L1cc as quantified feedback, sensitive to adjacent OARs anatomy and spacer location, to create the most informed DSS.

The DSS was designed based on an NN-based predictive model and a Bayesian regression model. The NN method is a fast, relatively simple method to model multivariable non-linear relationships. The advantage of the Bayesian model is that instead of a point estimation of parameters, a probability distribution is estimated and, therefore, incorporates high variability of data by resampling the parameters. More importantly, both the NN and Bayesian methods have transfer-learning advantage that gives the model the ability to get updated with the newly presented data.

Our study has a few limitations. First is the limited number of cases for the validation phase. The duodenal hydrogel spacer is a very novel procedure and not yet widely used in the clinic. Previous studies done by our group have used a small volume of hydrogel spacer (<5 cc) which only results in a small separation (<2 mm) (13; Avani Dholakia 23). In recent clinical trials, larger hydrogel volume (<10 cc) was injected to achieve more separation and thus better PTV coverage, but the number of clinical trials is very limited. To undermine the effect of this limitation, we evaluated the performance of our model rigorously with three figures of merit, namely, DSC, OVH, and RNND. Moreover, by using an advanced physical-based model, we further ensured that the simulation is based on anatomical properties and is realistic.

Another limitation of the study is the uncertainties of the spacer placement process that can be a possible source of error. Uncertainties such as day-to-day variations of organ shape (like change in abdominal filling), organ contours, and tumor volume change due to concurrent chemotherapy make predicting the exact shape and effect of hydrogel spacer nearly impossible. We addressed this issue by using the Bayesian model for the prediction model that allowed the use of the Gibbs sampling method that in turn resulted in incorporating the uncertainty in our model and creating an empirical distribution of the data, and therefore a stochastic model. The Bayesian regression model generates an interval estimation of the parameters as opposed to point estimation, and therefore it allowed us to incorporate a higher level of uncertainty into the model’s prediction.

Finally, another limitation of our study is that, although FEMOSSA can create a patient-specific and realistic simulation of the hydrogel spacer, using the finite element method results in a long computation time. Nevertheless, with recent optimizations of our algorithm, we reduced the time from 2 h to less than 30 min on a desktop computer. Moreover, here we showed the feasibility of using FEMOSSA-generated augmentation to create real-time models like the designed DSS and artificial-intelligence-based models that require a large number of training data but can provide instantaneous output. Using a real-time model will further reduce the uncertainties as it can be used intraoperatively and thus minimize the effect of anatomy change.



5 Conclusion

In this study, we extended the application of FEMOSSA to the duodenal spacer, and using the simulated augmented data, we developed a DSS to provide preoperative patient selection and thus guidance for optimal location of the spacer. We found that spacer benefit for a high-dose volume is highly dependent on the patient’s anatomy and spacer location. Future work focuses on (1) improving the software and reliability of the model by incorporating a larger patient cohort, (2) adding more features to the DSS such as prediction of toxicity and cost-effectiveness, and (3) proposing a new workflow featuring preoperative simulation and intraoperative guidance to personalize and optimize the duodenal spacer procedure based on our studies on wavelet-based image guidance (25, 48).
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Purpose

As a discipline in its infancy, online adaptive RT (ART) needs new ontologies and ad hoc criteria to evaluate the appropriateness of its use in clinical practice. In this experience, we propose a predictive model able to quantify the dosimetric impact due to daily inter-fraction variability in a standard RT breast treatment, to identify in advance the treatment fractions where patients might benefit from an online ART approach.



Methods

The study was focused on right breast cancer patients treated using standard adjuvant RT on an artificial intelligence (AI)-based linear accelerator. Patients were treated with daily CBCT images and without online adaptation, prescribing 40.05 Gy in 15 fractions, with four IMRT tangential beams. ESTRO guidelines were followed for the delineation on planning CT (pCT) of organs at risk and targets. For each patient, all the CBCT images were rigidly aligned to pCT: CTV and PTV were manually re-contoured and the original treatment plan was recalculated. Various radiological parameters were measured on CBCT images, to quantify inter-fraction variability present in each RT fraction after the couch shifts compensation. The variation of these parameters was correlated with the variation of V95% of PTV (ΔV95%) using the Wilcoxon Mann–Whitney test. Fractions where ΔV95% > 2% were considered as adverse events. A logistic regression model was calculated considering the most significant parameter, and its performance was quantified with a receiver operating characteristic (ROC) curve.



Results

A total of 75 fractions on 5 patients were analyzed. The body variation between daily CBCT and pCT along the beam axis with the highest MU was identified as the best predictor (p = 0.002). The predictive model showed an area under ROC curve of 0.86 (95% CI, 0.82–0.99) with a sensitivity of 85.7% and a specificity of 83.8% at the best threshold, which was equal to 3 mm.



Conclusion

A novel strategy to identify treatment fractions that may benefit online ART was proposed. After image alignment, the measure of body difference between daily CBCT and pCT can be considered as an indirect estimator of V95% PTV variation: a difference larger than 3 mm will result in a V95% decrease larger than 2%. A larger number of observations is needed to confirm the results of this hypothesis-generating study.





Keywords: AI radiotherapy, predictive modeling, CBCT radiotherapy, inter-fraction dose variation, online adaptation



Introduction

In recent years, technological evolution and the advent of artificial intelligence (AI) have led to incredible improvements in the fight against cancer, opening treatment scenarios that were unthinkable just a few years ago (1).

In the field of radiation therapy (RT), the new cutting-edge technologies are able to modify online the RT treatment plan to effectively compensate for the patient anatomical variability, which is present during different treatment days, in a procedure known as online adaptive radiotherapy (ART) (2).

The modern technologies implementing online ART aim to integrate advanced AI-based systems to speed up the on-table adaptive procedure, to shorten the treatment slot time and avoid un-addressable organ variation that may occur during on-table ART procedure (3, 4).

To date, the RT systems licensed for online ART use the positioning images acquired through on-board MR scanners or Cone Beam Computed Tomography (CBCT) systems to elaborate the adapted treatment plans, with treatment slot times ranging from 15 to about 60 min, depending on the technology used and the case complexity (5–7).

Being a discipline in its infancy, there is an increasing need to define common ontologies and specific criteria to evaluate the appropriateness of online ART treatments. The benefits offered by such treatments are in fact a matter of study: although in some districts, such as the abdomen, the advantages offered by this approach are well demonstrated in the current literature, in others, the benefits are still under investigation, as they have to be balanced with the efforts required, in terms of both staff resources and patient stress (8–11).

Breast cancer is one of the anatomical sites in which the benefit of online ART is still under investigation: the adjuvant RT approach is in fact already very effective, as demonstrated by the results of several clinical trials present in literature with long-term outcome. In 2011, the Early Breast Cancer Trialists’ Collaborative Group (EBCTCG) reported the results of a meta-analysis of 10,801 women treated with radiotherapy after breast conservative surgery, demonstrating that the use of adjuvant RT significantly reduced the risk of any first (locoregional or distant) recurrence and breast cancer mortality (12). A similar evidence was observed in patients treated with RT after mastectomy (13).

Recent experiences report percentages of local and regional recurrence after breast-conserving surgery followed by RT ranging from 7% to 13%, often associated to initial tumor size (14, 15).

However, despite the fact that local recurrences can be considered not common events, it is plausible to suppose that online ART treatments could contribute to further reduce such evidence, mainly in selected cases where the inter-fraction variability may lead to compromise the target coverage with respect to the prescribed dose, thus increasing the risk of local recurrence.

The aim of this study is to propose new evaluation criteria to identify which patients affected by right-side breast cancer could benefit in receiving online ART treatment, considering an RT treatment administered in intensity modulated radiation therapy (IMRT) modality.

Considering that the dose constraints related to nearby organs at risk (OARs) are widely met in the IMRT treatment of right breast, the main focus of attention is on the planning target volume (PTV) coverage with respect to the 95% of the prescribed dose, which has to be maintained higher than 95% as recommended by international guidelines (16, 17). For this purpose, it is necessary to quantify the dosimetric variation in the tumor coverage due to the daily inter-fraction variability; once compensated, the couch shifts, determined by the alignment of daily positioning images. Once such variability is quantified, a predictive model was also elaborated to correlate imaging parameters, related to patient positioning, to dosimetric effects on target coverage, with the idea of providing a valid tool to clinicians to know in advance the dosimetric impact of an inter-fraction variability effect.



Materials and Methods


Patients and Treatment Characteristics

The present study has a retrospective nature and was based on the analysis of five patients affected by right breast tumor, with age higher than 18 years. Patients showed a diagnosis of Early Breast Cancer (EBC), were of legal age, and signed an informed consent for data collection and anonymized analyses.

An adjuvant RT treatment was administered to all of them, prescribing 40.05 Gy in 15 fractions (2.67 Gy/fraction) to the whole breast. A sequential boost consisting of 10 Gy in 5 fractions to the tumor bed was also prescribed in selected patients, according to the disease stage and clinical risk factors. Treatments were performed at Mater Olbia Hospital (Olbia, Italy) using Varian Ethos™ (Varian Medical System, Mountain View, California, US) between August and September 2021.

A simulation computed tomography (CT) image was acquired for all free breathing patients using the dedicated 16-slice CT scanner (GE RT discovery, GE Healthcare, Chicago, Illinois) available in our department, keeping a slice thickness of 2.5 mm.

During CT simulation, the patient breathing motion was studied using a 4DCT acquisition in ten phases, and patients showing negligible sternum variation (less than 1 mm) in all the 4DCT phases were selected. Such selection was performed to limit the impact of breathing motion and ensure that the body variation object of the present study would be related to patient positioning.

Average CT image was reconstructed and used for therapy volume contouring and treatment planning. The clinical target volume (CTV) was outlined according to the ESTRO consensus guidelines and defined as the entire right mammary gland, while PTV was calculated as an anisotropic margin from CTV: 5 mm in the medio-lateral direction, 7 mm in the antero-posterior and cranio-caudal direction, with a crop margin of 5 mm from the body (18).

In case of the presence of prothesis, this was included in the CTV definition. Heart, esophagus, ipsilateral glenohumeral joint, spinal canal, spinal cord, thyroid gland, lungs, and contralateral breast were delineated and considered as OARs, subjected to the dose constraints reported in clinical experiences focused on breast cancer (19–22).

All the patients were treated following an intensity modulated RT (IMRT) technique consisting of four tangential beams, normalizing the treatment plan to the median target dose as recommended by ICRU Report 62 and 83 (16, 17). Treatments were administered without online adaptation.

During treatment therapy, all the CBCT acquisitions were performed using the longest acquisition time available for the thorax (30.8 s), to further reduce the impact of breathing motion on body variation.

For each patient, all the CBCT images acquired for patient positioning were rigidly aligned with the planning CT, excluding rotational shifts according to Ethos™ clinical workflow (23). Synthetic CT images were created transferring the Hounsfield Units (HU) from simulation CT to CBCT through a deformable registration.

The targets (CTV and PTV) and the nearby OARs (heart and lungs) were manually re-contoured on the daily images and treatment plan was recalculated considering the fluence of the original plan using Eclipse™ (Varian Medical System, Palo Alto, California) as treatment planning system (TPS), and Acuros™ XB (Varian Medical System, Palo Alto, California) version 15.6 as dose calculation algorithm (24).



Definition of Criteria for Adaptive Appropriateness

For each treatment fraction recalculated, the values of V95% and V105% of PTV were registered and considered as target metric values. The deviations of V95% and V105% parameters of PTV with respect to the values reported in the original plan were registered for each treatment fraction.

On the basis of the deviations observed and the value of the dose constraints, the treatment fractions were categorized as follows:

	✓ Optimal when the treatment fraction showed a dose deviation from the original plan in V95%(PTV) < 2% and the dose objectives V95% (PTV) >95% and V105% (PTV) <5% remain preserved.

	✓ Not Optimal when the treatment fraction showed a dose deviation from the original in V95% (PTV) ≥ 2%. In particular, a not optimal fraction can be considered:	○ Acceptable if the dose objectives V95% (PTV) ≥95% and V105% (PTV) <5% remain preserved

	○ Unacceptable (to be adapted) in case the treatment fraction does not ensure the V95% (PTV) ≥95% and/or the V105% (PTV) results to be higher than 5%






The appropriateness of moving towards an adaptive approach was then evaluated based on the numbers of fractions categorized as “not optimal” observed during the standard treatment.



Predictive Model

Once the treatment fractions were classified into two categories, a predictive model was elaborated to quantify the probability of a treatment fraction categorized as not optimal, so that it could benefit from online adaptation.

Various radiological parameters were measured on CBCT images, with the aim of quantifying inter-fraction variability present in each RT fraction after the couch shifts compensation. The absolute difference in terms of body between daily CBCT and pCT was calculated along each beam axis, considering the isocenter plan as the reference plan. An example of the radiological parameters measured is reported in Figure 1.




Figure 1 | Visual example of the body variation measurement: the difference between the body in CBCT and the corresponding one in simulation CT along the beam axis with higher MUs is highlighted in red.



The absolute body difference was also calculated considering the whole PTV as cranio-caudal (CC) extension and the maximum values observed were considered as additional parameters.

The variation of these parameters was correlated with the not acceptable fractions using the Wilcoxon Mann–Whitney test or the t-test, depending on the distribution of the variable with respect to the outcome, which was preliminarily evaluated using the Shapiro–Wilk test (25). The Benjamini–Hochberg method was adopted to correct for multiple comparisons (26, 27).

Not optimal fractions were considered as adverse events. A logistic regression model was calculated considering the radiological parameter showing higher significance at the univariate analysis, and its performance was quantified in terms of receiver operating characteristic (ROC) curve (28).

The area under the ROC curve (AUC) was used as target metric, and the 95% confidence interval (95% CI) was defined by means of a bootstrap approach with 2,000 iterations. The best cutoff threshold was determined maximizing the Youden Index, and the values of sensitivity and specificity at the best threshold were calculated accordingly, as reported in similar experiences (28–30).




Results

The clinical characteristics of the patients included in the study and the corresponding dosimetric values of the considered treatment plans are reported in Table 1. All the patients had negative margins after breast surgery and they were characterized by a molecular profile “luminal A”, which generally corresponds to low-grade tumors and a favorable prognosis (31). At the histological examination, all the patients received a diagnosis of ductal invasive carcinoma (non-special type).


Table 1 | Clinical and dosimetric characteristics of the patients analyzed.



A total of 75 fractions on 5 patients were analyzed: a general overview of the analysis of the treatment fractions is reported in Figure 2.




Figure 2 | Visual representation of the treatment fractions analyzed for each patient. The optimal fractions are in green, the non-optimal but acceptable fractions are in yellow, and the fractions requiring online adaptation are in red.



Out of a total of 75 fractions, 7 were found to be not optimal: specifically, three were not acceptable and four were acceptable. All the cases investigated showed the V105% of PTV always lower than 5%, so cases classified as not optimal are due to deviation related to V95% of PTV.

A patient with a larger initial CTV (Patient 5) was the case reporting the higher number of fractions that required online adaptation (5). As regards the results observed at the univariate analysis, the body variation along the beam axis with the highest MU was identified as the best predictor (p = 0.002).

The ROC curve of the model elaborated using such parameter is reported in Figure 3: it shows an AUC of 0.86 (95% CI, 0.82–0.99) with a sensitivity of 85.7% and a specificity of 83.8% at the best cutoff threshold, which was identified to be equal to 3 mm and to correspond to a Youden Index of 0.69.




Figure 3 | ROC curve of the predictive model focused on identifying treatment fractions where a variation higher than −2% was observed in V95% of PTV.



Figure 4 reports the probability of obtaining a treatment fraction requiring online adaptation as a function of the body variation along the beam axis with the highest MU.




Figure 4 | Probability of obtaining a fraction requiring adaptation as a function of body variation measured along the beam axis with the highest MU.





Discussion

Patient selection is becoming a fundamental topic in the context of online ART treatments, and new criteria to identify patients who may effectively benefit from these technologies are needed (10, 32). 

Compared to conventional RT, the online ART is in fact more time-consuming and requires a very experienced and committed staff, so its use has to be focused on selected cases (33–35).

It is reasonable to assume that such selection criteria would be disease-specific and also that patients may take advantage of online ART in pathologies where standard RT treatments ensure high probability of care. In this perspective, it is necessary to define new metrics able to quantify the quality of each single RT treatment fraction, on the basis of the anatomical variations observed on the daily positioning imaging and their potential impact on dose distribution.

Classifying the quality of a treatment fraction is a very challenging aspect, as at this stage, the clinical impact that can have a non-optimal delivery of a treatment fraction is unknown. However, in the perspective of defining new correlations between the quality of treatment delivery and the clinical outcomes in the future, it is of utmost importance to immediately establish clear criteria to quantify the quality of a treatment fraction delivery.

In this methodological study, we proposed a new metric that quantifies the quality of the right breast treatments based on the value of PTV coverage and the related hot spot: such assumption can be considered reasonable in the right breast, as all the dose constraints related to OARs are widely met using IMRT modality (as reported in Table 1) and target coverage remains the only matter of concern.

Extending such metric to a larger cohort of patients with long follow-up could be interesting to investigate if local recurrence would be more present in patients with a higher number of suboptimal fractions.

On the basis of the metric defined in this study, we observed that patients with larger CTV are more prone to experiment target under-coverage due to inter-fraction variability: such type of patients could take advantage of online ART treatments. The study of V95% (PTV) variation has also led to the observation that the value of V95%(PTV)% >95% can be maintained for at least 90% of the treatment fractions if an initial objective goal of V95% (PTV) >98% is reached during the initial planning phase.

Once a metric that classifies the different treatment fractions is identified, it is important to identify predictors based on daily imaging that can alert radiation therapists on the possibility of delivering suboptimal fractions.

To be effective in clinical practice, such indicators should be easy and quick to calculate, to represent a reliable tool also in case of choosing to switch from a conventional treatment to an adaptive one.

In this experience, we observed that the variation of target coverage is correlated with the body variation along the beam axis containing the highest MU: in particular, the probability of observing a PTV under-coverage larger than 2% is equal to 2%, 12%, and 50% in the case of 1 mm, 3 mm, and 5 mm of body variation, respectively.

If confirmed on a larger cohort of patients, such correlation could become a reliable support to the RTTs, allowing the determination of clear thresholds easily identifiable in positioning imaging, beyond which clinician support is required before delivering the treatment fraction.

The main limitation of this study is obviously the reduced number of patients analyzed, mainly related to the recent clinical implementation of this new cutting-edge technology: it is important to remark that the only purpose of this study is to propose new methodological indications on how to approach and manage these novel technologies dedicated to daily ART. The preliminary results here reported require testing on larger cohorts of patients before being considered reliable for clinical use.

By increasing the number of patients enrolled, it will be possible in the near future to elaborate on a predictive model focused on the direct prediction of events considered unacceptable and requiring online adaptation: such a model will be feasible following the same methodology present in this experience once the number of adverse events are statistically sufficient.

Another source of potential uncertainty involves the impact of the breathing motion, which could lead to body variations not due to patient positioning, thus influencing the findings of the study. To limit such aspect, an accurate patient selection was carried out during CT simulation and long CBCT acquisition time was used during treatment, as detailed in the Materials and Methods section.

A last critical point that has to be noted is related to the arbitrary choice of 2% as the limit threshold to consider a fraction as not optimal: also, this value was chosen to propose a new methodology, allowing us to obtain a sufficient number of events in the minority class to make a feasible logistic regression model; a more precise cutoff value can be determined if a larger number of patients is considered. To the best of our knowledge, this represents the first experience that proposes the idea of correlating anatomical variations observed on daily imaging with dose variations in the treatment plan.



Conclusion

In this methodological study, a novel strategy to identify treatment fractions that may benefit online ART was proposed for patients affected by early right breast cancer. During the RT treatment, the measurement of body difference between daily CBCT and planning CT along the beam axis with the highest MU can be considered as an indirect estimator of V95% PTV variation: a difference larger than 3 mm will result in a V95% decrease of more than 2%. A larger number of observations are recommended before translating the findings of this study in clinical practice.
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Purpose

To develop a method of biologically guided deep learning for post-radiation 18FDG-PET image outcome prediction based on pre-radiation images and radiotherapy dose information.



Methods

Based on the classic reaction–diffusion mechanism, a novel biological model was proposed using a partial differential equation that incorporates spatial radiation dose distribution as a patient-specific treatment information variable. A 7-layer encoder–decoder-based convolutional neural network (CNN) was designed and trained to learn the proposed biological model. As such, the model could generate post-radiation 18FDG-PET image outcome predictions with breakdown biological components for enhanced explainability. The proposed method was developed using 64 oropharyngeal patients with paired 18FDG-PET studies before and after 20-Gy delivery (2 Gy/day fraction) by intensity-modulated radiotherapy (IMRT). In a two-branch deep learning execution, the proposed CNN learns specific terms in the biological model from paired 18FDG-PET images and spatial dose distribution in one branch, and the biological model generates post-20-Gy 18FDG-PET image prediction in the other branch. As in 2D execution, 718/233/230 axial slices from 38/13/13 patients were used for training/validation/independent test. The prediction image results in test cases were compared with the ground-truth results quantitatively.



Results

The proposed method successfully generated post-20-Gy 18FDG-PET image outcome prediction with breakdown illustrations of biological model components. Standardized uptake value (SUV) mean values in 18FDG high-uptake regions of predicted images (2.45 ± 0.25) were similar to ground-truth results (2.51 ± 0.33). In 2D-based Gamma analysis, the median/mean Gamma Index (<1) passing rate of test images was 96.5%/92.8% using the 5%/5 mm criterion; such result was improved to 99.9%/99.6% when 10%/10 mm was adopted.



Conclusion

The developed biologically guided deep learning method achieved post-20-Gy 18FDG-PET image outcome predictions in good agreement with ground-truth results. With the breakdown biological modeling components, the outcome image predictions could be used in adaptive radiotherapy decision-making to optimize personalized plans for the best outcome in the future.





Keywords: biological modeling, deep learning, image outcome prediction, radiotherapy, 18FDG-PET



Introduction

Radiotherapy is a central component of the standard of care for many cancers. In the current era of image-guided radiotherapy (IGRT), medical imaging plays a critical role in radiotherapy practice regarding patient assessment, treatment volume definition, on-board patient positioning, and outcome assessment (1). In particular, imaging-based radiotherapy outcome assessment can capture early therapeutic responses for adaptive therapy to enhance radiotherapy efficacy (2). In addition, long-term therapeutic outcomes from image-based analysis provide useful information in treatment intervention of each patient towards optimized cancer care (3). Thus, medical imaging analysis for radiotherapy outcome assessment has become an irreplaceable component in precision medicine.

Technologies of medical imaging analysis have revolutionized image-based radiotherapy outcome reporting. Radiographic assessment of post-radiotherapy tumor morphological changes (i.e., Response Evaluation Criteria in Solid Tumors [RECIST]) was standardized to describe the response to therapy (4). Functional imaging modalities have now shifted outcome analysis from morphological description to physiological characterization. PET tracks the in vivo radioactive tracer distribution, for example, estimating glucose metabolism (18F-FDG) or measuring tissue hypoxia (18FMISO) (5). MR functional imaging, including dynamic contrast-enhanced MRI (DCE-MRI), diffusion-weighted MRI (DWI), and diffusion tensor MRI (DTI), can measure tissue properties such as blood volume/perfusion (6), cellular density (7), and cell movement direction (8). To non-invasively quantify in vivo physiology, functional imaging relies on mathematical models to extract quantitative parameters from phenotype image data. These mathematical models, which are often referred to as mechanism-based models, describe complex physiological processes using basic biological theories and fundamental laws in physical/chemical interactions (9, 10). The derived parameters of mechanism-based models can serve as surrogates of individual physiology functions to facilitate developing a personalized therapeutic approach.

Treatment response assessment using functional imaging is often reported as posttreatment changes relative to pretreatment baseline values. Image-based treatment outcome prediction, i.e., forecasting posttreatment image volumes before treatment initiation, has become an emerging topic in clinical oncology (11). The potential clinical application of image-based treatment outcome prediction in radiotherapy is conceptually promising: given an individual’s pre-radiotherapy image, post-radiotherapy image predictions could be available at the treatment planning stage. Guided by these predictions, clinicians could simulate alternative treatment plans, such as target delineation revision and plan parameter tuning (beam angle, energy selection, etc.), for normal tissue sparing and could select a plan that predicts improved response to radiotherapy. This scenario can be applied to adaptive radiotherapy: the predicted intra-treatment images can be used to determine whether a revised radiotherapy plan would be advantageous. Additionally, when new intra-treatment image data are collected, the updated predictions can guide the adaptive planning strategy for optimal radiotherapy outcomes for individual patients (10). Driven by the rapid growth of computation power, deep learning techniques have recently become a practical approach for image-based treatment outcome prediction (12–14). However, few investigators have reported functional image outcome prediction in radiotherapy applications. Aside from the colossal computational workload due to image dimension requirement, the current mechanism-based models focus on spatial decoding of physiology within an image volume; for outcome prediction, a mechanism-based model must incorporate patient-specific treatment information to simulate spatiotemporal physiology evolution during a treatment course. Although pilot studies have reported the feasibility of post-radiotherapy functional image outcome prediction using treatment information (15), the adopted deep learning network ignored the biophysical modeling and generated its prediction via a “black box”; thus, the achieved prediction was reported at a fixed time point without any biological interpretation about how radiation dose affects the outcome. Radiotherapy outcome prediction with breakdowns from biological modeling is an unmet need.

In this work, we design a biologically guided deep learning framework for intra-treatment 18FDG-PET image outcome prediction in response to oropharyngeal cancer intensity-modulated radiotherapy (IMRT). Based on the classic reaction–diffusion mechanism in disease progression, we propose a novel partial differential equation (PDE) as a biological model that incorporates spatial radiation dose distribution as a patient-specific treatment information variable. An encoder–decoder-based convolutional neural network (CNN) is designed and trained to learn the proposed model, which governs the dynamics of tissue response to radiotherapy. Thus, with the explainability of the biological model, the developed deep learning model can generate post-radiotherapy 18FDG-PET image outcome predictions with breakdown biological components.



Materials and Methods


Biological Modeling

We hypothesize that the standardized uptake value (SUV) change in 18FDG-PET in response to radiation can be described in a reaction–diffusion system, which represents a family of mathematical models widely used in describing pattern formations and evolving densities in physical, ecological, and biological systems (16). In the context of modeling tumor growth and therapeutic response dynamics, reaction–diffusion models have been applied to both preclinical and clinical works (9, 17, 18). Disease progression, in general, can be summarized by Eq. (1), which describes the malignancy proliferation (reaction) and spread (diffusion) (10):



where U is the spatial distribution of disease (i.e., SUV intensity distribution in this work) and   is the time derivative term describing the change of U in time. The term   describes the spreading of abnormal cell activities, where α > 0 is the diffusion coefficient. The linear term βU represents the proliferation of localized malignancy. To incorporate tissue response to radiotherapy in the model in Eq. (2), we propose a new response term for the dose-induced changes of U,



where F(DU) is an 𝒩 unknown operator that depicts U's local response to radiotherapy. Here we assume that the response term depends on the product of U and the radiotherapy plan’s spatial dose distribution D. We also assume that the operator F depends on DU as the tissue response to cell killing from localized high radiation (10), and we will use a CNN to learn this operator. Thus, Eq. (2) is the core time-dependent PDE that models the post-radiotherapy biological response of abnormal tissue metabolism as SUV intensity (i.e., U) evolves in time.



Deep Learning Design

Formally, our problem is defined as follows: given a set of pre- and post-radiation 18FDG-PET image pairs   and the imposed radiation dose distribution images { Dk }k=1,2,…m where m is the total number of image pairs, our goal is to learn the unknown response operator F and coefficients α, β in the model in Eq. (2) with the collected data of the form  . Accordingly the learned model can predict a post-radiation 18FDG-PET image   given the pre-radiation image   and the associated spatial dose distribution Dk. In addition, since the learned model describes the evolution dynamics of Uk between the two states   and   frames of Uk between   and   can be simulated to study the intermediate stages of disease progression.

While a large body of work has focused on solving reaction–diffusion models like Eq. (2), i.e., finding U based on known coefficients and operators, little research has been devoted to the inverse problem of learning the model’s coefficients and operators from observed U data. The numerical treatments of the inverse problem are typically complicated, as the observed data usually cannot provide sufficient information to determine a unique model, and regularizations are needed to produce meaningful model estimates. As such, we propose a deep neural network framework to learn the model in Eq. (2) from 18FDG-PET images taken before and after radiation. Applying the forward Euler method on the PDE in Eq. (2), we obtain the discretized update rule:



where h is the time step, Un is the approximate solution of the state U at the time tn=nh, and the Lssssaplacian operator Δ can be approximated by a discrete operator   represented by a nine-point refined stencil (19):



A deep neural network NF is designed to approximate the response operator F:



where θ represents the free parameters. For simplicity, we assume that the operator F only depends on, ψ=D U, the product of the dose distribution D and the 18FDG-PET image state variable U. A diffusion–proliferation operator G is used to combine both the diffusion and proliferation terms with undetermined coefficients α and βs



Given a group of three images consisting of the initial state 18FDG-PET image   at t = 0 prior to radiation, dose distribution map Dk, and the ground-truth final state 18FDG-PET image   at t = T (post-radiation), from Eqs. (3)–(6), we obtain the intermediate states   by 



for n = 0,1, …, Nt − 1. Here,   represents the element-wise product of the dose distribution map Dk and the 18FDG-PET image   at the time step tn, Nt is the total number of steps, and the step size h=T/Nt. As a feasibility study, we consider the final time T = 1 and set the number of steps Nt = 4 in this work.

The similarity between the predicted post-radiation 18FDG-PET image   and the associated ground-truth image   is defined based on the l2 norm loss function:



where m is the number of samples. By minimixing ℒ(θ), the deep neural network can learn the weights θ that characterize the response operator F and the undetermined coefficients α and β.

Figure 1 illustrates the designed deep neural network architecture. The network’s input space is composed of pre-radiation 18FDG-PET image Upre and planned dose distribution map D as a set. The network is split into two branches: one that uses a CNN to learn the response operator NF(D Un) and the other one with only two trainable parameters to apply the diffusion–proliferation operator G [in Eq. (6)] on Un. Specifically, the second branch of the network architecture mimics the traditional finite difference method and applies the discrete Laplacian operator and the linear operator on Un with predicted α and β. Both branches are then merged by the rule in Eq. (7), which feeds the output Un+1 forward to the next cycle. This process is then repeated for Nt time steps to generate a predicted post-radiation 18FDG-PET image, which will be compared against the ground-truth post-radiation 18FDG-PET image.




Figure 1 | A partial differential equation (PDE)-informed deep neural network design. Layers are color-coded by operations with associated feature numbers.



The branch that learns the response operator NF(D Un) consist of a total of 7 convolutional layers and is built upon U-Net’s encoder–decoder architecture (20). The architecture consists of a contracting path that extracts sufficient semantic context from D∘Un and a symmetric expanding path that produces the up-sampled output. The contracting path starts with two applications of 3 × 3 convolutions, each followed by a batch normalization layer and a ReLU operation. Then a 2 × 2 max-pooling operation is performed for down-sampling where the number of feature channels is doubled. Then another two 3 × 3 convolutions operations are applied, each followed by batch normalization and a ReLU activation. The expanding path consists of an up-sampling of the feature map, followed by two 3 × 3 convolutional layers, again with batch normalization and ReLU operations. Finally, a 1 × 1 convolution is applied to map the 16-component feature to a single feature channel that reconstructs the transformed image corresponding to NF(D Un).



Patient Data and Network Training

In this work, 64 eligible oropharyngeal cancer patients who received curative-intent IMRT in our department were retrospectively studied under an institutional review board (IRB)-approved 18FDG-PET imaging study (21). All patients were prescribed 70 Gy at 2 Gy/day fraction with concurrent chemotherapy. Prior to treatment initiation, each patient underwent an 18FDG-PET/CT scan for target delineation. After 20-Gy delivery, each patient underwent a second 18FDG-PET/CT scan as an intra-treatment evaluation for consideration for adaptive planning. These post-20-Gy 18FDG-PET acquisitions were treated as the post-radiation scans in the modeling.

All 18FDG-PET/CT exams were acquired by a PET/CT scanner (Siemens, Erlangen, Germany) in our department. PET acquisitions were performed using 400 × 400 matrix size in a standard field of view (FOV) of 54 cm, and slice thickness was 2 mm. CT acquisitions were performed using 512 × 512 matrix size in an extended FOV of 65 cm (in-plane resolution = 1.27 mm), and slice thickness was 3 mm. PET images were reconstructed by the ordered subset expectation maximization (OSEM) algorithm with attenuation corrections using the CT acquisition information. The post-20-Gy 18FDG-PET/CT images were registered to the corresponding pre-radiation images using Velocity™ software (Varian Medical Systems, Palo Alto, CA, USA). Registrations started with rigid bony structure alignment, and a multi-pass deformable registration algorithm was adopted to improve soft tissue alignment near the anterior body surface. In the process of IMRT planning, all treatment plans were optimized and calculated using the Eclipse™ treatment planning system (Varian Medical Systems, Palo Alto, CA, USA) with a 2.5-mm dose calculation grid size. All 18FDG-PET images and spatial dose distribution maps of 20-Gy treatment were resampled to the CT simulation image grid size.

Of all 2D 18FDG-PET axial images, those with sufficient 18FDG uptake in the pre-radiation acquisition were selected by SUVmax > 1.5 excluding brain regions (22). Overall, 718 axial slices collected from 38 patients were used for neural network training, 233 axial slices from 13 patients were used for validation, and 230 axial slices from 13 patients were used for independent tests. During the neural network training, the loss function was defined as based on the l2 norm in Eq. (8). Gradient updates were computed using batch sizes of 10 samples, and batch normalization was performed after each convolutional layer. The training utilized the Adam optimizer for up to 400 epochs, while an early stopping strategy on the loss function evaluated on the validation samples was adopted with a patience of 100 epochs. The overall training time was about 15 min in a TensorFlow environment using an NVIDIA TITAN™ Xp graphic card.



Evaluation

The accuracy of post-20-Gy 18FDG-PET image prediction was evaluated using 230 axial slices’ results from 13 test patients. The prediction results were first visually inspected as qualitative evaluation. SUV mean values in high-uptake regions determined by Otsu’s method (23) were quantitatively compared with the ground-truth results. Pixel-to-pixel SUV numerical differences were evaluated by Gamma tests within the body region (24). Multiple Gamma tests with different SUV difference tolerances and distance-to-agreement (DTA) tolerances were performed. While Gamma Index <1 was considered as acceptable pixel-wise results, Gamma Index passing rates, i.e., the percentage of pixels with Gamma Index <1, were reported as summarizing metrics.




Results

Figure 2 shows an example case of post-20-Gy 18FDG-PET image outcome prediction. As seen in the pre-radiation 18FDG-PET image, SUV hotspots with clear edges were found on the patient’s right side. After 20-Gy delivery shown by the bilateral side dose distribution in D, the ground-truth post-20-Gy18FDG-PET image results demonstrated good therapy response with reduced hotspot sizes and decreased SUV intensities. The predicted 18FDG-PET image captured the overall appearance in the ground-truth results without noticeable artifact marks. Two hotspots corresponding with the nodal disease were found in the prediction image at the same locations. The hotspots’ sizes and SUV intensities were comparable, though the anterior hotspot intensity appeared to be lower than the ground-truth result. In the breakdown illustration of biological model terms in Eq. (3), the diffusion term demonstrated overall uniform intensity distribution around 0 except in hotspot regions; the core regions in hotspots had negative diffusion intensities, which suggested a spatial retraction of abnormal metabolism. The proliferation term had a similar appearance to the pre-radiation 18FDG-PET image. The dose-response term indicated an elevated intensity region that corresponds to the anterior SUV hotspot; this suggests that the anterior SUV hotspot had a better response to 20-Gy than the posterior SUV hotspot, which had limited intensity in the dose-response map. The other areas within the body had close-to-zero dose-response intensity, while low intensities were found near the body surface. The Gamma Index map showed a good quantitative pixel-to-pixel SUV comparison between ground-truth and predicted post-20-Gy 18FDG-PET images using the 5%/10 mm criterion.




Figure 2 | An example of post-radiotherapy 18FDG-PET image outcome with given pre-radiation 18FDG-PET image and dose distribution map D, with a breakdown of predicted biological effects (diffusion, proliferation, and dose response in absolute value) in Eq. (2). The 2D Gamma (Γ) test result was obtained through acceptance criteria of 5%/10 mm.



In the test patient cohort, the SUV mean value of high-uptake regions in post-20-Gy predicted images was 2.45 ± 0.25, which was slightly lower than ground-truth results (2.51 ± 0.33, p = 0.015); the dice coefficient results of the segmented high-uptake regions were 0.89 ± 0.12. Gamma Index passing rate results of all testing axial slices are summarized in Figure 3. When the 5%/5 mm Gamma criterion was adopted, the median 2D Gamma passing rate was 96.5%. With the use of looser Gamma criteria, the passing rate results improved (5%/10 mm, median 99.2%, average 97.6%; 10%/5 mm, median 99.5%, average 98.6%). The highest median passing rate was 99.9% (average = 99.6%) when 10%/10 mm was used.




Figure 3 | Gamma Index passing rate summary with different gamma criteria. Green line positions represent median value, and box represents 25%/75% percentile with whiskers indicating 5%/95% percentile.





Discussion

In this work, we successfully demonstrated the design of a biological model-guided deep learning framework for post-20-Gy 18FDG-PET image outcome prediction in a unique cohort of patients undergoing IMRT for oropharyngeal cancer. For the first time, we demonstrated 3 breakdown biological components of oropharyngeal cancer response to radiation. One of the key innovations in this work is the biological model in Eq. (2), which was hypothesized as the mathematical equation that governs the post-radiation SUV change. The model was derived from the classic reaction–diffusion system, which has been utilized in many works of tumor growth and disease progression modeling (25–27). Although applying reaction–diffusion models to 18FDG-PET image analysis (particularly to head and neck cancer) is less reported, some exploratory studies have demonstrated the validation of reaction–diffusion-type models in intracranial PET image modeling (28). Compared to the original reaction–diffusion models, the newly introduced dose-response term in Eq. (2) was hypothesized as a semantic component of dose-induced SUV image state changes. Adding additional terms in reaction–diffusion family models to account for therapeutic effect has been reported before in breast, lung, and pancreatic cancer studies (29–31); nevertheless, our approach of using spatial dose distribution in biological modeling is a novel design. Compared to the use of prescription dose levels for outcome assessment/prediction in many studies, the adoption of spatial dose distribution maintained heterogeneous radiation deposition information at the pixel level, which may be a more accurate approach for image-based outcome prediction with explainability from existing biology domain knowledge. Nevertheless, the designed deep learning model relies on the reaction–diffusion system hypothesis, which has yet to be widely acknowledged as general domain knowledge of tissue radiation response. In addition to the image result supports, the reaction–diffusion system hypothesis can be studied via in vivo functional imaging (such as diffusion-weighted MRI) and in vitro cell study to establish the benchmark evidence for oropharyngeal cancer applications.

As a deep learning approach, a CNN was designed to learn the proposed biological model. PDEs with known coefficients and operators can be solved by various numerical methods such as finite difference methods, finite element methods, and spectral methods. In the scientific computing field, solving differential equations using CNN in complex systems has become popular for efficiency and accuracy (32). Additionally, differential equations specified by CNN can parameterize the continuous state transition with non-uniform sampling step sizes (33); that is, one may use images from different patients with different acquisition time points. The applied analysis of stochastic differential equations has demonstrated value for recent radiomic applications (34, 35); deep learning-based data assimilation may improve the performance of these techniques by providing a more accurate estimation of model hyper-parameters and coefficients. The use of CNN is necessary to learn the dose-response term F in Eq. (2), which is an unknown operator that is assumed to be related to the product of spatial dose distribution and 18FDG-PET image variable (DU); without an analytical expression, it is difficult to approximate the operator F by classic numerical treatments of inverse problems. The proposed CNN in Figure 1 revealed the dose-response term F(DU) as a whole, while the detailed mechanism of DU‘s contribution of 18FDG-PET image prediction remains unclear. Inspired by the classic encoder–decoder U-net implementation, the CNN architecture in Figure 1 was dedicated to the problem in Eqs. (3)–(7); with the loss function defined in Eq. (8), the training process had a fast convergence (Supplementary Figure 1). It would be of interest to further study the operator F for its analytical expression and possible biological explanations. Such works require more advanced mathematical theories supported by experimental data, preferably as in vitro implementations, to validate analytical designs as a biological model calibration process (10).

Based on the Gamma test results in Figure 3, the achieved 18FDG-PET image predictions showed good agreement with ground-truth images. As a common quality assurance method in radiotherapy practice, Gamma analysis accounts for both intensity differences and systematic shifts in image prediction error. The Gamma test criteria need to consider multiple uncertainty sources in data processing and clinical preferences. For instance, the dose-response term results in Figure 2 indicated very small but non-zero intensity values near the body surface, especially in anterior skin regions. While other normal tissues demonstrated very limited dose response, the observed skin regions’ dose response may be noisy results related to deformable image registration uncertainties, which was mainly determined by patient weight loss during the radiotherapy course (36). Radiotherapy margin formulism that models treatment margin statistics should also be weighted in image prediction evaluation (37). In addition to these two potential factors, the adopted Gamma test criteria have incorporated many other factors, including SUV’s intrinsic uncertainty, PET image acquisition resolution, PET-CT QA protocol, and SUV-based metabolic volume definition.

The current results demonstrated accurate image outcome prediction at the time point of post-20-Gy radiotherapy. The actual physiological change during the 20-Gy radiotherapy course is a continuous process, which is an inherent feature in the proposed model in Eq. (2); in other words, in addition to post-20-Gy 18FDG-PET image outcomes at t = 1, our model can predict intermediate stage image outcomes between t = 0 and t = 1. To demonstrate this merit, Figure 4 shows a simulation of intermediate stage 18FDG-PET image outcome predictions as biological model solutions from the pre-radiation result at t = 0 to post-20-Gy prediction at t = 1. In general, the four predicted 18FDG-PET images demonstrated a reasonable image state transition from t = 0 to t = 1 without abrupt changes. While the majority of normal tissue maintained steady SUV intensities during the presented time evolution, the SUV hotspot corresponding to the primary oropharyngeal tumor had shrinkage at its posterior boundary with slightly reduced intensity. Compared to the ground-truth post-20-Gy 18FDG-PET image, the prediction image at t = 1 captured the SUV hotspot’s morphological features, particularly at its posterior boundary. However, this simulation result cannot be validated by current clinical results because of the lack of longitudinal 18FDG-PET scans during a radiotherapy course, which is mainly limited by ionizing radiation risk and potential high financial cost. On the other hand, longitudinal MRI exams are commonly utilized for cranial radiotherapy follow-up as standard care, and the image series can be used to validate the cranial model continuity in future works.




Figure 4 | A simulation of 18FDG-PET image outcome transition based on a four-step execution with step size h = 0.25 showing the predicted transition from pre-radiation U at t = 0 to the predicted post-radiotherapy U at t = 1. The ground-truth post-20-Gy 18FDG-PET image is included for comparison at t = 1.



The current biological model was implemented in a 2D fashion on axial images. For each test patient, the post-radiation 18FDG-PET image predictions were generated slice-by-slice to approximate volumetric rendering. In theory, the biological model in Eq. (2) and the demonstrated deep neural network could be implemented as 3D in the spatial domain; however, the computation workload for 3D implementation, especially for a generative task with complex nature, requires a large data sample size with curated data collection. In this work, 64 patients were collected with paired 18FDG-PET exams in a clinical trial setup, and 1,181 high 18FDG uptake axial slices were collected and were assigned to neural network training/validation/tests following a 60%/20%/20% ratio. Given the fact that 1) image slice thickness (3 mm) is larger than in-plane resolution (1.27 mm) and 2) paired image acquisitions were performed with a 2-week time interval, the model was confined for locoregional computation with a small 3 × 3 in-plane kernel size, and thus the information extraction was within an axial “slab” and did not involve information exchange in other slices. This underlying design made all 2D slices eligible as independent samples for deep learning training, and the current results from 2D implementation demonstrated good image prediction accuracy and established the technical feasibility of the proposed biological model-guided deep learning. 3D-based modeling would be ideal for brainstorming experiments, but this data cohort would be a very limited data sample size for generative deep learning tasks. Future studies using a larger patient cohort, potentially in a multi-institution collaboration, are planned to further investigate the proposed framework based on 3D implementation. Additionally, experiments using small animals are also planned for future developments of deep learning in image outcome prediction. Further investigation of the biological interpretation of the learned dose-response term may also lead to improved mathematical modeling for this problem.

As a feasibility study, the current results showed that the achieved post-20-Gy 18FDG-PET image outcome prediction had good agreement with ground-truth results. Post-20-Gy 18FDG-PET has been demonstrated as informing surrogates of recurrence-free survival and overall survival of human papillomavirus (HPV)-related oropharyngeal cancer (38). In a potential clinical application scenario, the current framework would allow a physician to determine if an 18FDG-PET scan after 20-Gy radiation would facilitate improved adaptive radiotherapy clinical decision making. The impact of image prediction accuracy on clinical decision making was not rendered by the current results of technical development work; future works, preferably in a prospective fashion, are planned to investigate such clinical impacts from physicians’ perspectives in clinical practice. Another crucial step toward this clinical application scenario is to verify the models’ responses to different radiation therapy strategies. The current patient cohort from a clinical study received a uniform treatment regimen; thus, the developed model may not capture certain individual reactions after a drastically different radiotherapy approach. For deep learning developments, it would be ethically challenging to collect patient data with intentional treatment variations. Following the small animal experiments discussed above, with dedicated imaging platforms and radiotherapy machines, one can generate post-radiation samples with heterogeneous treatment strategies in multiple imaging sessions. Such experiments may provide valuable opportunities for studying biological models for improved deep learning intelligibility.



Conclusion

In this work, we developed a biological model-guided deep learning method for post-radiation 18FDG-PET image outcome prediction. The proposed biological model incorporates spatial radiation dose distribution as a patient-specific variable, and a novel CNN architecture was implemented to predict post-radiotherapy 18FDG-PET images from pre-radiation results. Current results demonstrate good agreements between post-20-Gy predictions and ground-truth results in a cohort of patients with oropharyngeal cancer. Future developments of the current methodology design will enhance the applicability of image outcome prediction in clinical practice.
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Purpose

Intravoxel incoherent motion (IVIM) is a promising technique that can acquire perfusion information without the use of contrast agent, contrary to the more established dynamic contrast-enhanced (DCE) technique. This is of interest for treatment response monitoring, where patients can be imaged on each treatment fraction. In this study, longitudinal correlations between IVIM- and DCE parameters were assessed in prostate cancer patients receiving radiation treatment.



Materials and Methods

20 prostate cancer patients were treated on a 1.5 T MR-linac with 20 x 3 or 3.1 Gy. Weekly IVIM and DCE scans were acquired. Tumors, the peripheral zone (PZ), and the transition zone (TZ) were delineated on a T2-weighted scan acquired on the first fraction. IVIM and DCE scans were registered to this scan and the delineations were propagated. Median values from these delineations were used for further analysis. The IVIM parameters D, f, D* and the product fD* were calculated. The Tofts model was used to calculate the DCE parameters Ktrans, kep and ve. Pearson correlations were calculated for the IVIM and DCE parameters on values from the first fraction for each region of interest (ROI). For longitudinal analysis, the repeated measures correlation coefficient was used to determine correlations between IVIM and DCE parameters in each ROI.



Results

When averaging over patients, an increase during treatment in all IVIM and DCE parameters was observed in all ROIs, except for D in the PZ and TZ. No significant Pearson correlations were found between any pair of IVIM and DCE parameters measured on the first fraction. Significant but low longitudinal correlations were found for some combinations of IVIM and DCE parameters in the PZ and TZ, while no significant longitudinal correlations were found in the tumor. Notably in the TZ, for both f and fD*, significant longitudinal correlations with all DCE parameters were found.



Conclusions

The increase in IVIM- and DCE parameters when averaging over patients indicates a measurable response to radiation treatment with both techniques. Although low, significant longitudinal correlations were found which suggests that IVIM could potentially be used as an alternative to DCE for treatment response monitoring.
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1 Introduction

Non-invasive perfusion imaging is of interest in oncology, as low perfusion is related to hypoxia which holds prognostic value (1–3). A common way to measure perfusion is by using dynamic contrast enhanced (DCE-) MRI (2, 4, 5). In addition to prognosis, DCE has been shown to have value for mid-treatment response assessment in cervix (6), esophageal (7), and head-and-neck cancer (8–10).

Acquiring quantitative MRI (qMRI) images during radiation treatment for the purpose of treatment response monitoring has become feasible with the introduction of MR-guided radiotherapy. Using MR-linacs, which consist of a linear accelerator integrated with an MRI system, qMRI sequences can be acquired on each treatment fraction, without the increase of patient burden (11–16).

Although DCE-MRI is a candidate for treatment response monitoring, acquiring a DCE scan during each treatment fraction is undesirable due to the use of contrast agent. Alternative techniques that can provide perfusion information without the use of contrast agent are needed. One such alternative is intravoxel incoherent motion (IVIM), which is an extension to diffusion weighted imaging (DWI) (17). IVIM parameters provide information about diffusion and perfusion. It is based on the concept that inside a voxel, signal from water flowing in the capillaries can be separated from diffusing water (18). In addition to the diffusion coefficient (D), the perfusion parameters f (perfusion fraction), D* (pseudo-diffusion coefficient), and the product fD* can be determined.

Previous studies have investigated correlations between IVIM and DCE-MRI parameters in different tumor sites, with conflicting results (19). These studies usually determine the correlation between IVIM and DCE parameters on a single time point. For treatment response purposes however, correlations between changes in parameters, induced by radiation treatment, are more relevant. A study performed in 21 liver tumor-bearing rabbits assessed the correlations between IVIM and DCE parameters longitudinally, while the rabbits were treated with a vascular disrupting agent (20). Interestingly, the authors did not find any significant correlations between IVIM and DCE parameters when assessing the imaging time points separately, but did find a significant longitudinal correlation. This longitudinal correlation is of importance for treatment response monitoring purposes and indicates that IVIM could be a potential substitute for DCE-MRI for this purpose.

In the current study, longitudinal correlations between IVIM- and DCE parameters are assessed in a cohort of prostate cancer patients that were imaged weekly during radiation treatment. Each week a DCE and an IVIM scan were acquired to enable longitudinal assessment. The aim of this study is to determine whether IVIM and DCE parameters correlate when measured longitudinally and whether there is potential for IVIM to substitute DCE for treatment response monitoring.



2 Materials and Methods


2.1 Patients

Twenty patients, with a median age of 70.5 (range 53 – 82) years with biopsy proven prostate cancer were included in this study. Only patients with an adequate renal function (glomerular filatration rate GFR > 60 ml/min/1.7m2) were included. Thirteen patients were treated with 20 x 3 Gy and due to a change in clinical practice, seven patients were treated with 20 x 3.1 Gy. Treatment took place over the course of five weeks. Patient characteristics are presented in Table 1. The study was approved by the local ethics committee and each patient gave written informed consent.


Table 1 | Patient characteristics.





2.2 Image Acquisition

All patients were treated on a 1.5 T MR-linac (Unity, Elekta AB, Stockholm, Sweden). This is a hybrid system, where a linear accelerator is integrated with an MRI scanner to enable concurrent patient irradiation and MRI acquisition. The MRI system of the MR-linac is based on a 1.5 T Ingenia system (Philips Healthcare, Best, The Netherlands), with split gradient coils to create a window for the radiotherapy beam (21). The system uses an 8-channel radio-translucent phased array receive coil (22).

A T2-weighted anatomical scan, an IVIM scan and a DCE-MRI scan were acquired weekly over the course of five weeks, starting at the first day of treatment. Scan parameters can be found in Table 2. The IVIM sequence was optimized for the MR-linac system, which has lower gradient performance compared to diagnostic systems and lower SNR due to the simpler receive coil system (15, 23). To compensate this, the highest b-value was limited to 500 s/mm2, and a relatively large isotropic acquisition voxel size of 4 mm3 was used. To calculate contrast agent concentration values, the pre-contrast T1 was measured using the variable flip angle (VFA) method with a similar sequence as the DCE scan, but with a TR/TE of 20/4 ms and flip angles of 3, 6, 10, 20, and 30 ˚. For the DCE scan, during the fifth dynamic, 15 mmol gadoteric acid (Dotarem, Geurbet, France) was injected at a rate of 3 mL/s using a power injector followed by a 30 ml saline flush. While a study by Wang et al. demonstrated no significant effect of radiation on the chemical composition of Gadolinium based contrast agents (24), DCE scans were acquired after the radiation treatment, without repositioning of the patient to avoid interactions of the contrast agent with radiation.


Table 2 | MRI sequence parameters.





2.3 Image Registration

Tumor, peripheral zone (PZ), and transition zone (TZ) were delineated on the T2-weighted scans of the first fraction. Of three patients, who received a trans-urethral resection of the prostate (TURP), the TURP cavity was delineated to be excluded from analysis. Tumors were delineated while consulting biopsy results and diagnostic images, following the PI-RADS V2.1 criteria (25).

The IVIM and DCE images were registered separately to the T2-weighted scan of the first fraction which contained the delineations using rigid registration allowing rotations and translations. For IVIM, the b = 0 s/mm2 image was used as this contains the most anatomical information. For DCE, the 100th dynamic was used as a scan with relatively high enhancement in the prostate signal. All registrations were checked visually and corrected manually when needed. After registration, the delineations were propagated to the IVIM and DCE scans, where only voxels that were fully inside the propagated delineation were included for further analysis.

IVIM scans were excluded when susceptibility artifacts were present inside any of the delineations, or when movement between b-values was present. DCE scans were excluded if patient movement occurred during the scan.

The volume of the structures was calculated by multiplying the number of voxels completely inside the delineation by the voxel size of the T2-weighted scan they were delineated on.



2.4 Image Processing


2.4.1 IVIM

The bi-exponential IVIM model, S(b) / S0 = fe –bD* + (1 - f) e -bD, was fitted using a segmented approach (26). Using the median signal intensity values from the delineations, the tissue diffusion coefficient (D) was determined first using the two highest b-values (150 and 500 s/mm2). Next the perfusion fraction (f) was calculated using this D and the b = 0 s/mm2 signal intensity. Both D and f were then used in combination with the signal intensities from the lowest two b-value images (0 and 30 s/mm2) to calculate the pseudo-diffusion coefficient D*. The parameter fD* was calculated by multiplying f with D*.



2.4.2 DCE

To extract an arterial input function (AIF), external iliac artery was delineated on all DCE scans of all patients. Due to slight variations in the B1 field (see Supplementary Figure 1), only the left external iliac artery was used. Signal intensities were converted to concentration time curves using the spoiled gradient echo equation following Schabel and Parker (27) assuming a T1 value of 1429 ms for blood at 1.5 T (28) and a contrast agent relaxivity of 3.6 L mM-1 s-1 (29). Following Georgiou et al. the maximum relative change in concentration during the DCE scan was determined for all voxels inside this delineation (30). The voxels between the 50th and 95th percentile of this relative change were averaged to obtain an AIF for each treatment fraction. Per patient, the median AIF of all five measurements, based on peak height, was used for all tracer kinetic modeling for that patient. Supplementary Figure 2 shows all AIFs of all patients.

A voxel-wise T1-map was calculated from the VFA series using a linear implementation (31). The T1 map was used to convert signal intensity to concentration values using the method of Schabel and Parker (27). The bolus arrival time was estimated for each voxel using an automated method (32). The volume transfer constant (Ktrans) and the rate constant (kep) from the standard Tofts model (33) were calculated on a voxel-basis following the approach developed by Murase (34) using and median AIF as input. The extracellular extravascular space volume fraction (ve) was then calculated on a voxel basis using (Ktrans/kep).




2.5 Statistics

Baseline values from the IVIM and DCE parameters were taken from the scans of the first fraction. To check for differences in parameters between ROIs, a one-way analysis of variance (ANOVA) was performed for each parameter, with ROI as the independent variable. ANOVA results are presented with their F-statistic including within- and between group degrees of freedom, and p-value. Pearson correlation coefficients were calculated between IVIM and DCE parameters of the first fraction for each ROI.

To determine longitudinal correlations between the IVIM and DCE parameters, the rmcorr package in R was used (35). The rmcorr package provides a repeated measures correlation (rrm), which takes into account the non-independence of repeated measures. To do so, the relationship between two continuous variables (in this case the IVIM and DCE parameters) is determined while controlling for between-patient variance. Specifically, separate parallel lines are fitted to the data of each patient using a common slope but allowing the intercept to vary per patient (35). The rrm is then calculated from the sum of squares values for the measure and the error as follows:

	

The sign of rrm is taken from the sign of the common slope. The degrees of freedom are calculated using N(k-1)-1, where k is the (average) number of repeated measures per participant and N is the total number of participants (35).

As IVIM and DCE measure different biological properties which are both related to perfusion, it is possible that their correlation depends on the particular tissue measured. Therefore, rrm was calculated separately for each ROI. It can be interpreted as the intra-patient correlation between IVIM and DCE parameters during radiation treatment for a given ROI. Repeated measures correlation results are presented as rrm (error degrees of freedom), p-value, and a 95% confidence interval calculated using bootstrapping with 10.000 resamples. Statistical significance was assumed for all tests when p < 0.05.




3 Results

Imaging data was acquired on five fractions for 19/20 patients and one patient was imaged four times. This resulted in a total of 99 fractions with IVIM and DCE scans. Two DCE scans were excluded due to movement during acquisition, both from the same patient. Seven IVIM scans were excluded due to susceptibility artifacts causing deformations within the delineations and two IVIM scans were excluded because the patient moved between the acquisition of images with a different b-value, leaving 97 DCE acquisitions and 90 IVIM acquisitions for further analysis.

In two of the patients, no tumor was visible on the diagnostic scans and therefore not delineated. Of one patient with a TURP all remaining tissue was treated as tumor. The median (range) volume of the ROIs were 0.9 (0.1 – 14) cm3 for the tumor, 8.9 (5.0 – 26) cm3 for the PZ, and 20 (7.2 – 66) cm3 for the TZ. An example of the delineations in two different patients is shown in Figure 1.




Figure 1 | Example of delineations of the different prostate zones of two different patients (A, B). Delineations were made on T2-weighted scans from the first treatment fraction. The entire prostate is shown in white, the peripheral zone (PZ) in red, and the tumor in yellow. The transition zone (TZ) was extracted in post processing by subtracting the PZ from the prostate delineation. Tumor voxels were excluded from all other zones during analysis.



Baseline mean values with the standard error of the mean (SEM) are presented in Table 3. These are based on the IVIM scans acquired before the patients received any radiation and the DCE scans acquired directly after a single dose of 3 or 3.1 Gy. One-way ANOVA revealed a statistically significant difference between the tumor, PZ, and TZ for D (F2,44 = 15, p < 0.001), Ktrans (F2,53 = 4.3, p = 0.02) and ve (F2,53 = 3.9, p = 0.03). No statistically significant correlations were found between IVIM and DCE parameters when using values from the first fraction only.


Table 3 | Pre-treatment values of the IVIM and DCE parameters.



Figure 2 shows the average time trends over all patients of the IVIM and DCE parameters. All IVIM and DCE parameters increase in all ROIs over the weeks, except for D in the PZ and TZ. The IVIM perfusion parameters increase steadily over the weeks. The DCE parameters steeply increase from the first to the second week and stabilize or slightly increase after that.




Figure 2 | Evolution of intravoxel incoherent motion (IVIM, A–D) and dynamic contrast-enhanced (DCE, E–G) parameters during radiation treatment. The average value of all patients is shown for the tumor, PZ, and TZ. Error bars indicate the standard error of the mean (SEM).



The rrm calculated on the longitudinal data are presented in Table 4. No statistically significant correlations were found between any IVIM and DCE parameter in the tumor. In the PZ, statistically significant correlations were found only between D and ve and between f and ve. In the TZ, statistically significant correlations were found between f and Ktrans, f and kep, and f and ve. D* correlated significantly only with kep, while the product fD* did so with all DCE parameters. Graphs showing the common slope and the slope per patient of the significant within-subject longitudinal correlations are presented in Figure 3 for D, Figure 4 for f, Figure 5 for D*, and Figure 6 for fD*.


Table 4 | Repeated measures correlations between IVIM and DCE parameters, separately presented for each ROI.






Figure 3 | The significant repeated measures correlation of D with the DCE parameters are shown. D only correlated significantly with ve in the PZ. Each line shows the fit for a single patient and the dashed black line shows the overall common slope.






Figure 4 | The significant repeated measures correlations of f with the DCE parameters are shown. (A) is the correlation between f and ve in the PZ, (B–D) are values from the TZ. Each line shows the fit for a single patient and the dashed black line shows the overall common slope.






Figure 5 | The significant repeated measures correlations of D* with the DCE parameters are shown. D* only correlated significantly with kep in the TZ. Each line shows the fit for a single patient and the dashed black line shows the overall common slope.






Figure 6 | The significant repeated measures correlation of fD* with the DCE parameters are shown. fD* only correlated significantly with DCE parameters in the (A–C) TZ. Each line shows the fit for a single patient and the dashed black line shows the overall common slope.





4 Discussion

In this study, the longitudinal correlations between IVIM and DCE parameters in different ROIs of prostate cancer patients were assessed during radiation treatment. Weekly IVIM and DCE scans were performed and resulting correlations were tested taking into account the non-independence of repeated measurements on the same patients.

Baseline f and D* values of the IVIM parameters corresponded to values found in the literature, although the reported range is large. The baseline tumor D values found in this study (1.12 ± 0.08 10-3 mm2/s) were higher than previously found (reported range: 0.13 – 1.06 10-3 mm2/s) (36). Baseline Ktrans and ve values were consistent with those found in the literature, while the kep values were relatively low (37).

When averaging over patients, an increase in all perfusion parameters over the course of radiation treatment can be seen. In the DCE parameter values, this increase was the largest between week 0 and week 1, after which the values seemed to stabilize. This trend is also visible in the IVIM parameters D* and fD*. The similar behavior on the group level suggests that there is an overall biological response to radiation that can be measured similarly with both techniques. Previous results comparing DCE parameters before treatment to values acquired at a minimum of two years after treatment showed a decrease in Ktrans and kep in the PZ and TZ (38). Taken together with the current results, this could indicate that perfusion is increased during treatment, followed by a decline longer after treatment. The discrepancy between short-term and long-term differences highlights the importance of determining the optimal measurement time for treatment response purposes.

A possible explanation for the early increase of the perfusion parameters in all prostate zones could be an inflammatory response to the radiation treatment in the entire prostate, similar to what was found previously in cervix patients (6). Such an overall response could limit the predictive value of early perfusion for treatment response in prostate cancer patients as it could obscure more subtle changes related to outcome. To investigate this, early changes in perfusion parameters should be related to clinical outcome data. However, these data were not available yet for the current study population.

Although comparison with histology has shown that IVIM parameters provide perfusion information, the specific interpretation of IVIM parameters and their relation to DCE parameters remains unclear (19, 39). Correlations between IVIM and DCE parameters should be carefully interpreted based on the context. When the goal is to assess the ability of both techniques to differentiate between tumor and benign tissue, as done in Pang et al. for prostate cancer (40), it is appropriate to use values from both ROIs combined to determine the correlation. In that case, the correlation reflects how differences between ROIs in IVIM parameters correlate with differences between ROIs in DCE parameters. A ROI effect is clearly visible in the scatterplots presented by Pang et al. (40). However, when investigating longitudinal data, we are interested in the correlation of changes within the ROIs over time. This within-ROI correlation could be different for different ROIs, and theoretically even have an opposite sign compared to the between-ROI correlation. This effect is known as Simpsons paradox (41).

In the current study, the focus is on treatment response monitoring. To measure the longitudinal correlations the rrm was used on data from each ROI separately. The rrm can in this case be interpreted for each ROI as the intra-patient correlation between IVIM and DCE parameters while measuring during treatment, indicating the degree to which both parameters reflect the same time trends induced by irradiation.

No significant correlations were found in the tumors. A reason for this could be a low precision of the IVIM and DCE parameters as acquired in the current study. Median values were calculated per ROI, and the variance of these median values scale with 1/n, where n is the number of voxels. As prostate tumors are relatively small, the variance of the median values is relatively high. We showed previously that the test-retest repeatability coefficient of IVIM parameters in prostate tumors is high for the current imaging sequence and analysis: 0.44 10-3 mm2/s, 0.16 and 76.4 mm2/s for D, f, and D* (15). Additionally, DCE parameters are known to have poor repeatability (42–44). Within-patient coefficients of variation reported previously in prostate tumors measured on a 1.5 T system were around 20% for Ktrans, 15% for ve and 30% for kep (45). Poor repeatability in both IVIM and DCE parameters can attenuate the correlation coefficients (46). In the TZ, which is the ROI with the largest volume, significant positive correlations were found, although all were low (< 0.5).

In order to test the correlations between IVIM and DCE parameters in different ROIs, 36 statistical tests were performed with a significance threshold of α = 0.05. This means that the chance of finding at least one false positive result is 84%, because multiple testing inflates the type 1 error rate. However, since this is the first study to test the longitudinal correlation between IVIM and DCE parameters in humans undergoing radiation treatment, type I error rate is less of a concern. These correlations can be used as a direction for future studies.

In conclusion, when assessing changes in group averages over time, a clear increase in IVIM perfusion parameters was found. This increase was also present in all DCE parameters. Although low, it is encouraging that significant longitudinal correlations were found between IVIM- and DCE parameters, suggesting that IVIM could potentially be used as an alternative to DCE for treatment response monitoring purposes, in particular when repeated DCE-MRI is not feasible.



Data Availability Statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics Statement

The studies involving human participants were reviewed and approved by the medical ethics committee of The Netherlands; Cancer Institute METC19.1644/N18BREL. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

EK, PH, MN, FP and UH contributed to the conception and design of the study. VP, MN, FP, and UH contributed to the acquisition of data for the study. EK, PH, and UH contributed to the analysis and interpretation of data for the study. EK wrote the first draft of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.



Funding

This research was funded by ITEA3 project 16016 ‘STARLIT’. UH receives research support from Philips Healthcare and Elekta AB. The funder Elekta AB was not involved in the study design, collection, analysis, interpretation of data, the writing of this article or the decision to submit it for publication.



Acknowledgments

The authors would like to thank Mutamba T. Kayembe, PhD for his input on the statistical analysis.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.897130/full#supplementary-material



References

1. Zahra, MA, Hollingsworth, KG, Sala, E, Lomas, DJ, and Tan, LT. Dynamic Contrast-Enhanced MRI as a Predictor of Tumour Response to Radiotherapy. Lancet Oncol (2007) 8:63–74. doi: 10.1016/S1470-2045(06)71012-9

2. García-Figueiras, R, Baleato-González, S, Padhani, AR, Luna-Alcalá, A, Vallejo-Casas, JA, Sala, E, et al. How Clinical Imaging Can Assess Cancer Biology. Insights Into Imaging (2019) 10:28. doi: 10.1186/s13244-019-0703-0

3. Hompland, T, Hakon Hole, K, Ragnum, HB, Aarnes, E-K, Vlatkovic, L, Lie, AK, et al. Combined MR Imaging of Oxygen Consumption and Supply Reveals Tumor Hypoxia and Aggressiveness in Prostate Cancer Patients. Cancer Res (2018) 78:4774–86. doi: 10.1158/0008-5472.CAN-17-3806

4. O’Connor, JPB, Robinson, SP, and Waterton, JC. Imaging Tumour Hypoxia With Oxygen-Enhanced MRI and BOLD MRI. Br J Radiol (2019) 92:20180642. doi: 10.1259/bjr.20180642

5. Cao, Y. The Promise of Dynamic Contrast-Enhanced Imaging in Radiation Therapy. Semin Radiat Oncol (2011) 21:147–56. doi: 10.1016/j.semradonc.2010.11.001

6. Park, JJ, Kim, CK, Park, SY, Simonetti, AW, Kim, EJ, Park, BK, et al. Assessment of Early Response to Concurrent Chemoradiotherapy in Cervical Cancer: Value of Diffusion-Weighted and Dynamic Contrast-Enhanced MR Imaging. Magn Reson Imaging (2014) 32:993–1000. doi: 10.1016/j.mri.2014.05.009

7. Xie, T, Ye, Z, Pang, P, and Shao, G. Quantitative Multiparametric MRI May Augment the Response to Radiotherapy in Mid-Treatment Assessment of Patients With Esophageal Carcinoma. Oncol Res Treat (2019) 42:326–33. doi: 10.1159/000499322

8. Wang, P, Popovtzer, A, Eisbruch, A, and Cao, Y. An Approach to Identify, From DCE MRI, Significant Subvolumes of Tumors Related to Outcomes in Advanced Head-and-Neck Cancer. Med Phys (2012) 39:5277–85. doi: 10.1118/1.4737022

9. Baer, AH, Hoff, BA, Srinivasan, A, Galbán, CJ, and Mukherji, SK. Feasibility Analysis of the Parametric Response Map as an Early Predictor of Treatment Efficacy in Head and Neck Cancer. Am J Neuroradiol (2015) 36:757–62. doi: 10.3174/ajnr.A4296

10. Wong, KH, Panek, R, Dunlop, A, Mcquaid, D, Riddell, A, Welsh, LC, et al. Changes in Multimodality Functional Imaging Parameters Early During Chemoradiation Predict Treatment Response in Patients With Locally Advanced Head and Neck Cancer. Eur J Nucl Med Mol Imaging (2018) 45:759–67. doi: 10.1007/s00259-017-3890-2

11. van Houdt, PJ, Yang, Y, and van der Heide, UA. Quantitative Magnetic Resonance Imaging for Biological Image-Guided Adaptive Radiotherapy. Front Oncol (2021) 10:615643. doi: 10.3389/fonc.2020.615643

12. van Houdt, PJ, Saeed, H, Thorwarth, D, Fuller, CD, Hall, WA, McDonald, BA, et al. Integration of Quantitative Imaging Biomarkers in Clinical Trials for MR-Guided Radiotherapy: Conceptual Guidance for Multicentre Studies From the MR-Linac Consortium Imaging Biomarker Working Group. Eur J Cancer (2021) 153:64–71. doi: 10.1016/j.ejca.2021.04.041

13. Gurney-Champion, OJ, Mahmood, F, van Schie, M, Julian, R, George, B, Philippens, MEP, et al. Quantitative Imaging for Radiotherapy Purposes. Radioth Oncol (2020) 146:66–75. doi: 10.1016/j.radonc.2020.01.026

14. Yang, Y, Cao, M, Sheng, K, Gao, Y, Chen, A, Kamrava, M, et al. Longitudinal Diffusion MRI for Treatment Response Assessment: Preliminary Experience Using an MRI-Guided Tri-Cobalt 60 Radiotherapy System. Med Phys (2016) 43:1369–73. doi: 10.1118/1.4942381

15. Kooreman, ES, van Houdt, PJ, Keesman, R, van Pelt, VWJ, Nowee, ME, Pos, F, et al. Daily Intravoxel Incoherent Motion (IVIM) In Prostate Cancer Patients During MR-Guided Radiotherapy—A Multicenter Study. Front Oncol (2021) 11:705964. doi: 10.3389/fonc.2021.705964

16. Lawrence, LSP, Chan, RW, Chen, H, Keller, B, Stewart, J, Ruschin, M, et al. Accuracy and Precision of Apparent Diffusion Coefficient Measurements on a 1.5 T MR-Linac in Central Nervous System Tumour Patients. Radioth Oncol (2021) 164:155–62. doi: 10.1016/j.radonc.2021.09.020

17. Le Bihan, D. What Can We See With IVIM MRI? Neuroimage (2019) 187:56–67. doi: 10.1016/j.neuroimage.2017.12.062

18. Le Bihan, D, Breton, E, Lallemand, D, Aubin, ML, Vignaud, J, and Laval-Jeantet, M. Separation of Diffusion and Perfusion in Intravoxel Incoherent Motion MR Imaging. Radiology (1988) 168:497–505. doi: 10.1148/radiology.168.2.3393671

19. Federau, C. Intravoxel Incoherent Motion MRI as a Means to Measure In Vivo Perfusion: A Review of the Evidence. NMR BioMed (2017) 30:1–15. doi: 10.1002/nbm.3780

20. Joo, I, Lee, JM, Grimm, R, Han, JK, and Choi, BI. Monitoring Vascular Disrupting Therapy in a Rabbit Liver Tumor Model: Relationship Between Tumor Perfusion Parameters at IVIM Diffusion-Weighted MR Imaging and Those at Dynamic Contrast-Enhanced MR Imaging1. Radiology (2016) 278:104–13. doi: 10.1148/radiol.2015141974

21. Raaymakers, BW, Lagendijk, JJW, Overweg, J, Kok, JGM, Raaijmakers, AJE, Kerkhof, EM, et al. Integrating a 1.5 T MRI Scanner With a 6 MV Accelerator: Proof of Concept. Phys Med Biol (2009) 54:N229–37. doi: 10.1088/0031-9155/54/12/N01

22. Hoogcarspel, SJ, Zijlema, SE, Tijssen, RHN, Kerkmeijer, LGW, Jürgenliemk-Schulz, IM, Lagendijk, JJW, et al. Characterization of the First RF Coil Dedicated to 1.5 T MR Guided Radiotherapy. Phys Med Biol (2018) 63:025014. doi: 10.1088/1361-6560/aaa303

23. Kooreman, ES, van Houdt, PJ, Keesman, R, Pos, FJ, van Pelt, VWJ, Nowee, ME, et al. ADC Measurements on the Unity MR-Linac – A Recommendation on Behalf of the Elekta Unity MR-Linac Consortium. Radioth Oncol (2020) 153:106–13. doi: 10.1016/j.radonc.2020.09.046

24. Wang, J, Salzillo, T, Jiang, Y, Mackeyev, Y, David Fuller, C, Chung, C, et al. Stability of MRI Contrast Agents in High-Energy Radiation of a 1.5T MR-Linac. Radioth Oncol (2021) 161:55–64. doi: 10.1016/j.radonc.2021.05.023

25. Turkbey, B, Rosenkrantz, AB, Haider, MA, Padhani, AR, Villeirs, G, Macura, KJ, et al. Prostate Imaging Reporting and Data System Version 2.1: 2019 Update of Prostate Imaging Reporting and Data System Version 2. Eur Urol (2019) 76:340–51. doi: 10.1016/j.eururo.2019.02.033

26. B Taouli ed. Extra-Cranial Applications of Diffusion-Weighted MRI. Cambridge: Cambridge University Press (2010). doi: 10.1017/CBO9780511778070

27. Schabel, MC, and Parker, DL. Uncertainty and Bias in Contrast Concentration Measurements Using Spoiled Gradient Echo Pulse Sequences. Phys Med Biol (2008) 53:2345–73. doi: 10.1088/0031-9155/53/9/010

28. Zhang, X, Petersen, ET, Ghariq, E, De Vis, JB, Webb, AG, Teeuwisse, WM, et al. In Vivo Blood T1 Measurements at 1.5 T, 3 T, and 7 T. Magn Reson Med (2013) 70:1082–6. doi: 10.1002/mrm.24550

29. Rohrer, M, Bauer, H, Mintorovitch, J, Requardt, M, and Weinmann, H-J. Comparison of Magnetic Properties of MRI Contrast Media Solutions at Different Magnetic Field Strengths. Invest Radiol (2005) 40:715–24. doi: 10.1097/01.rli.0000184756.66360.d3

30. Georgiou, L, Wilson, DJ, Sharma, N, Perren, TJ, and Buckley, DL. A Functional Form for a Representative Individual Arterial Input Function Measured From a Population Using High Temporal Resolution DCE MRI. Magn Reson Med (2019) 81:1955–63. doi: 10.1002/mrm.27524

31. Chang, LC, Cheng, GK, Basser, PJ, and Pierpaoli, C. Linear Least-Squares Method for Unbiased Estimation of T1 From SPGR Signals. Magn Reson Med (2008) 60:496–501. doi: 10.1002/mrm.21669

32. Cheong, LH, Koh, TS, and Hou, Z. An Automatic Approach for Estimating Bolus Arrival Time in Dynamic Contrast MRI Using Piecewise Continuous Regression Models. Phys Med Biol (2003) 48(5):N83–N88. doi: 10.1088/0031-9155/48/5/403

33. Tofts, PS, Brix, G, Buckley, DL, Evelhoch, JL, Henderson, E, Knopp, MV, et al. Estimating Kinetic Parameters From Dynamic Contrast-Enhanced T1-Weighted MRI of a Diffusable Tracer: Standardized Quantities and Symbols. J Magn Reson Imag (1999) 10:223–32. doi: 10.1002/(SICI)1522-2586(199909)10

34. Murase, K. Efficient Method for Calculating Kinetic Parameters Using T1-Weighted Dynamic Contrast-Enhanced Magnetic Resonance Imaging. Magn Reson Med (2004) 51:858–62. doi: 10.1002/mrm.20022

35. Bakdash, JZ, and Marusich, LR. Repeated Measures Correlation. Front Psychol (2017) 8:456. doi: 10.3389/fpsyg.2017.00456

36. He, N, Li, Z, Li, X, Dai, W, Peng, C, Wu, Y, et al. Intravoxel Incoherent Motion Diffusion-Weighted Imaging Used to Detect Prostate Cancer and Stratify Tumor Grade: A Meta-Analysis. Front Oncol (2020) 10:1623. doi: 10.3389/fonc.2020.01623

37. Gao, P, Shi, C, Zhao, L, Zhou, Q, and Luo, L. Differential Diagnosis of Prostate Cancer and Noncancerous Tissue in the Peripheral Zone and Central Gland Using the Quantitative Parameters of DCE-MRI. Med (US) (2016) 95(52):e5715. doi: 10.1097/MD.0000000000005715

38. Dinis Fernandes, C, van Houdt, PJ, Heijmink, SWTPJ, Walraven, I, Keesman, R, Smolic, M, et al. Quantitative 3T Multiparametric MRI of Benign and Malignant Prostatic Tissue in Patients With and Without Local Recurrent Prostate Cancer After External-Beam Radiation Therapy. J Magn Reson Imaging (2019) 50:269–78. doi: 10.1002/jmri.26581

39. Le Bihan, D, and Turner, R. The Capillary Network: A Link Between IVIM and Classical Perfusion. Magn Reson Med (1992) 27:171–8. doi: 10.1002/mrm.1910270116

40. Pang, Y, Turkbey, B, Bernardo, M, Kruecker, J, Kadoury, S, Merino, MJ, et al. Intravoxel Incoherent Motion MR Imaging for Prostate Cancer: An Evaluation of Perfusion Fraction and Diffusion Coefficient Derived From Different B -Value Combinations. Magn Reson Med (2013) 69:553–62. doi: 10.1002/mrm.24277

41. Blyth, CR. On Simpson’s Paradox and the Sure-Thing Principle. J Am Stat Assoc (1972) 67:364–6. doi: 10.1080/01621459.1972.10482387

42. Shukla-Dave, A, Obuchowski, NA, Chenevert, TL, Jambawalikar, S, Schwartz, LH, Malyarenko, D, et al. Quantitative Imaging Biomarkers Alliance (QIBA) Recommendations for Improved Precision of DWI and DCE-MRI Derived Biomarkers in Multicenter Oncology Trials. J Magn Reson Imaging (2019) 49:e101–21. doi: 10.1002/jmri.26518

43. Klawer, EME, van Houdt, PJ, Simonis, FFJ, van den Berg, CAT, Pos, FJ, Heijmink, SWTPJ, et al. Improved Repeatability of Dynamic Contrast-Enhanced MRI Using the Complex MRI Signal to Derive Arterial Input Functions: A Test-Retest Study in Prostate Cancer Patients. Magn Reson Med (2019) 81:3358–69. doi: 10.1002/mrm.27646

44. Klawer, EME, Houdt, PJ, Simonis, FFJ, den Berg, CAT, Pos, FJ, Heijmink, SWTPJ, et al. Erratum to: Improved Repeatability of Dynamic Contrast-Enhanced MRI Using the Complex MRI Signal to Derive Arterial Input Functions: A Test-Retest Study in Prostate Cancer Patients (Magn Reson Med. 2019; 81: 3358–3369). Magn Reson Med (2021) 85:2334–6. doi: 10.1002/mrm.28606

45. Alonzi, R, Taylor, NJ, Stirling, JJ, D’Arcy, JA, Collins, DJ, Saunders, MI, et al. Reproducibility and Correlation Between Quantitative and Semiquantitative Dynamic and Intrinsic Susceptibility-Weighted MRI Parameters in the Benign and Malignant Human Prostate. J Magn Reson Imaging (2010) 32:155–64. doi: 10.1002/jmri.22215

46. Cohen, J, Cohen, P, West, SG, and Aiken, LS. Applied Multiple Regression/Correlation Analysis for the Behavioral Sciences. 3rd ed. Lawrence Erlbaum Associates, Inc. 10 Industrial. New Jersey: Avenue Mahwah (2003).




Conflict of Interest: The Netherlands Cancer Institute is a member of the Elekta MR-linac consortium, which aims to coordinate international collaborative research relating to the Elekta Unity (MR-linac). Elekta and Philips are commercial partners within the consortium. Elekta financially supports consortium member institutions with research funding and travel costs for consortium meetings.

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


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

Copyright © 2022 Kooreman, van Pelt, Nowee, Pos, van der Heide and van Houdt. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 16 June 2022

doi: 10.3389/fonc.2022.860641

[image: image2]


Clinical Evaluation of Fiducial Marker Pre-Planning for Virtual Bronchoscopic Navigation Implantation in Lung Tumour Patients Treated With CyberKnife


Ki Man Ku 1,2, Bing Lam 3, Vincent W. C. Wu 1, Kwok Ting Chan 4, Chloe Y. Y. Chan 4, H. C. Cheng 5, Kamy M. Y. Yuen 2 and Jing Cai 1,6*


1 Department of Health Technology and Informatics, The Hong Kong Polytechnic University, Hong Kong, Hong Kong SAR, China, 2 Hong Kong Radiation Therapy Company Limited, Hong Kong, Hong Kong SAR, China, 3 Respiratory Medicine Centre, Hong Kong Sanatorium and Hospital, Hong Kong, Hong Kong SAR, China, 4 Department of Radiotherapy, Hong Kong Sanatorium and Hospital, Hong Kong, Hong Kong SAR, China, 5 Hong Kong Medical Physics Consulting Company Limited, Hong Kong, Hong Kong SAR, China, 6 Research Institute for Smart Aging, The Hong Kong Polytechnic University, Hong Kong, Hong Kong SAR, China




Edited by: 

James Chow, University of Toronto, Canada

Reviewed by: 
Askin Gülsen, University of Lübeck, Germany

Zetian Shen, Fourth Affiliated Hospital of Nanjing Medical University, China

*Correspondence: 

Jing Cai
 jing.cai@polyu.edu.hk

Specialty section: 
 This article was submitted to Radiation Oncology, a section of the journal Frontiers in Oncology


Received: 23 January 2022

Accepted: 13 May 2022

Published: 16 June 2022

Citation:
Ku KM, Lam B, Wu VWC, Chan KT, Chan CYY, Cheng HC, Yuen KMY and Cai J (2022) Clinical Evaluation of Fiducial Marker Pre-Planning for Virtual Bronchoscopic Navigation Implantation in Lung Tumour Patients Treated With CyberKnife. Front. Oncol. 12:860641. doi: 10.3389/fonc.2022.860641




Purpose

For the treatment of invisible lung tumours with CyberKnife (CK), fiducial markers (FMs) were implanted as an internal surrogate under virtual bronchoscopic navigation (VBN). This research aims to study the benefits of introducing an additional procedure in assigning the optimal FM positions using a pre-procedure planning system and performing virtual simulation before implantation. The objectives were 1) to reduce the duration of the FM implantation procedure, 2) to reduce the radiation exposure in dose area product (DAP) (dGy*cm2) to patients, and 3) to increase the number of FMs implanted around the tumour.



Methods and Materials

This study is retrospective, single-centre, and observational in nature. A total of 32 patients were divided into two groups. In Group 1, 18 patients underwent conventional VBN FM implantation. In Group 2, 14 patients underwent additional pre-procedure planning and simulation. The steps of pre-procedure planning include 1) importing CT images into the treatment planning system (Eclipse, Varian Medical Systems, Inc.) and delineating five to six FMs in their ideal virtual positions and 2) copying the FM configuration into VBN planning software (LungPoint Bronchus Medical, Inc.) for verification and simulation. Finally, the verified FMs were deployed through VBN with the guidance of the LungPoint planning software.



Results

A total of 162 FMs were implanted among 35 lesions in 32 patients aged from 37 to 92 (median = 66; 16 men and 16 women). Results showed that 1) the average FM insertion time was shortened from 41 min (SD = 2.05) to 23 min (SD = 1.25), p = 0.00; 2) the average absorbed dose of patients in DAP was decreased from 67.4 cGy*cm2 (SD = 14.48) to 25.3 cGy*cm2 (SD = 3.82), p = 0.01 (1-tailed); and 3) the average number of FMs implanted around the tumour was increased from 4.7 (SD = 0.84) to 5.6 (SD = 0.76), p = 0.00 (1-tailed).



Conclusion

Pre-procedure planning reduces the FM implantation duration from 41.1 to 22.9 min, reduces the radiation exposure in DAP from 67.4 to 25.3 dGy*cm2, and increases the number of FMs inserted around the tumour from 4.7 to 5.6.





Keywords: CyberKnife, fiducial marker, virtual bronchoscopic navigation, lung cancer, dose area product



Introduction

Lung stereotactic body radiation therapy (SBRT) is an advanced radiotherapy technique that delivers high and ablative doses of radiation to lung cancer patients as well as patients with metastatic lung tumours in an oligometastatic state, where the metastases are limited in number and location, with high precision (1–3). CyberKnife (CK) (Accuray, Inc., Sunnyvale, CA, USA) SBRT system uses a seamless integration of periodic X-ray imaging for internal target tracking integrated with Synchrony, which is an optical image guidance system for external respiratory motion tracking (4–6). Previous studies showed excellent local control at 1- and 2-year follow-ups for patients treated with CK SBRT (7–12).

Effective internal target tracking requires the implantation of metallic fiducial markers (FMs), which act as internal surrogates of the tumour’s position and motion, before radiotherapy planning. The FM implantation procedure was performed under monitored anaesthesia care (MAC) in the Endoscopy Department by respiratory medicine specialists using either virtual bronchoscopic navigation (VBN) (13) or electromagnetic navigation bronchoscopy (ENB) (14). The VBN/ENB is designed as a Global Positioning System (GPS) to guide bronchoscopic tools to the predefined tumour location or until the tumour is visible. Efficiently placing an adequate number of FMs around the tumour can be challenging. When there were no strategies or standardized guidelines on VBN/ENB implantation, doctors have to navigate around the tumour through small bronchi and look for feasible locations under X-ray images or fluoroscopies by a C-arm machine. As a result, the overall procedure time for the FM implantation is prolonged, and the patient is exposed to a large amount of radiation from X-ray images or fluoroscopies. Furthermore, it is difficult for doctors to deploy an ideal amount of 5–6 FMs. Additionally, while searching the related literature, we found very limited references focusing on the standardized FM implantation procedure. Many studies investigated the FM implantation methods and their resulting complications, as well as the marker retention and migration rates (15–17). Some studies investigated the co-relationship between FMs and tumours to predict how well the FM configuration represents the tumour motion and to determine the desirable FM configuration (18, 19). However, few studies have described how to implant the FMs into desirable and appropriate positions and determined the FM configuration that best represents the tumour motion. In a more recent study, investigators showed that using an FM placement guidance system may increase the number of FMs being tracked (20).

To cope with the above difficulties, we introduced additional pre-procedure planning before the FM implantation in March 2019. Pre-procedure planning aims to predefine the proper positions and ideal configurations of the FMs. By doing this, we expected that the time of the FM implantation procedure could be reduced, which resulted in shorter MAC time and less radiation exposure to the patient and staff (20). We also expected that more FMs could be placed around the tumour to better represent the tumour motion (18, 19). This study aims to evaluate whether pre-procedure planning of optimal FM positions could improve the overall efficiency of FM implantation and increase the number of FMs implanted around the tumour. In particular, we try to answer the following questions in our investigation: 1) whether the proposed procedure can reduce the duration of the FM implantation procedure, 2) whether the proposed procedure can reduce the radiation exposure to the patient as well as staff during the FM implantation procedure, and 3) whether we can increase the number of FMs implanted around the tumour.



Methods and Materials


Types of the Study and Patient Recruitment

This study is retrospective, single-centre, and observational in nature. The study proposal was submitted to and approved by the Research Ethics Committee of the Hong Kong Sanatorium and Hospital Group, and the Human Subjects Ethics Application Review System of the Hong Kong Polytechnic University. Patients with lung tumours and referred for CK treatment with fiducial tracking and those whose FMs will be implanted using VBN were included in this study. Patients who already had FMs in their lungs from previous CK treatment and those whose FMs will be used again for current CK treatment were excluded from this study. A total of 32 patients with lung tumours were referred for FM implantation using VBN before CK treatment had been selected. They were divided into two groups according to the methods of FM implantation. The first group of 18 patients were those who underwent VBN FM implantation and were treated with CK from June 2017 to August 2019. The second group of 14 patients were those who underwent additional pre-procedure planning before the VBN FM implantation from March 2019 to July 2020.



Pre-Procedure Planning Steps

Pre-procedure planning involves two steps. The first step is to predefine 5–6 optimal FM positions around the tumour on the patient’s CT images in Eclipse (Eclipse, Varian Medical Systems, Inc., Palo Alto, CA, USA) radiotherapy treatment planning system (TPS). The second step is to import the CT image set together with the predefined FM positions into a VBN procedure planning system (LungPoint Bronchus Medical, Inc., San Jose, CA, USA) for verification and simulation. FMs were then deployed through VBN implantation like previously, but this time with the guidance of a procedure planning system. For the second group of 14 patients who underwent pre-procedure planning, a set of low-dose CTs was performed and imported into the Eclipse RT planning system for an oncologist to delineate the preliminary target. After that, 5–6 predefined optimal FM positions were also contoured around the preliminary target. The procedures and guidelines of the FM contouring were as follows:

1. Delineate each of the FMs with a 0.5-cm-diameter sphere around the tumour and then label them as FM1 to FM5/6.

2. Keep the distance between each FM and the tumour between 1 and 3 cm. This can be performed by creating a pseudo-structure by expanding the tumour to 1 to 3 cm, depending on the size of the tumour and contouring the FMs on the circumference of the pseudo-structure. Although the co-relationship between the FMs and the tumour is better if the distance between them is shorter, the distance between any two individual FMs may be too short or less than the 18 mm, which is the minimum inter-FM distance required for CK tracking. Generally, for a tumour volume of 1 cc or less, a pseudo-structure should be created by expanding the tumour by 3 cm. For a tumour volume ranging from 1 to 3 cc, the pseudo-structure should be created by expanding the tumour by 2 cm. For a tumour volume of 3 cc or more, the pseudo-structure should be created by expanding the tumour by 1 cm.

3. Delineate the FMs as distal as possible in the small bronchi to increase the chance of fixation.

4. For tumours located in the middle of the lung with at least 2 cm of circumferential lung tissues, delineate 6 FMs and arrange the FMs, as follows (Figure 1):

	Delineate two FMs to the most superior and inferior points of the pseudo-structure created from tumour expansion.

	At a one-third longitudinal position from the superior point, delineate the other two FMs at either the left/right or anterior/posterior points of the pseudo-structure created from tumour expansion.

	Delineate the last two FMs at the two-thirds longitudinal position from the superior point, in a perpendicular position opposing the previous pair and within the pseudo-structure created from tumour expansion.






Figure 1 | The tested ideal FM configurations. G45 represents the 45° oblique view. G0 is the graphical illustration of how the FMs are ideally distributed on the surface of a sphere. G315 represents the 315° oblique view.



5. For peripheral lung tumours with at least one side of the tumour not possible for FM implant, delineate 5 FMs and arrange the FMs, as follows (Figure 2):

	Delineate two FMs to the most superior and inferior points if the blocked zone is at the circumferential tumour location or to either left/right or anterior/posterior if the blocked zone is located at the cranial–caudal directions, within the pseudo-structure created from the tumour expansion.

	Evenly distribute the remaining 3 FMs at the most distal circumference of the pseudo-structure created from and at the opposite side of the blocked zone of the tumour.






Figure 2 | Illustration of the guidelines for the pre-planned FM position.



6. Create a set-up plan with two 450° and 3150° oblique fields to simulate the two X-ray imaging views in CK, and review the FM configuration to obtain the following (Figure 3):

	The minimum distance between each pair of FMs is larger than 18 mm in three-dimensional (3D) space.

	The minimum angle between a triplet of fiducials should be at least 15°.






Figure 3 | Illustrations of the FM configuration review in the two oblique views.



7. After the optimal FM positions in the Eclipse RT planning system are defined, import the low-dose CT again into another system, the LungPoint VBN procedure planning system (2018 version, Bronchus Medical, Inc., San Jose, CA, USA).

8. In the LungPoint system, generate the patient’s bronchial tree automatically with the procedure planning system.

9. Copy all the delineated FMs in the Eclipse RT planning system to the LungPoint procedure planning system manually.

10. Review the FMs’ virtual positions to see if they are at or near the end of the most proximal small bronchi (Figure 4).




Figure 4 | Illustration of the autogenerated bronchial tree and the pre-planned FM positions.



11. Press the play button. The system will then simulate the VBN process and guide the virtual bronchoscope to the target positions.

12. Assess and confirm that each of the pre-planned FM positions is reachable at the end of the simulation (Figure 5).




Figure 5 | VBN simulation in the pre-planning system. Left: animated simulation of the VBN guidance. Right: at the end of the route, virtual FM positions are reachable. VBN, virtual bronchoscopic navigation.





Fiducial Marker Implantation

All FMs, measured 0.8 × 5 mm (PointCoil MTCTXPC08) (Figure 6), were then implanted by a respiratory medicine specialist using VBN under the active guidance of the LungPoint procedure planning system.




Figure 6 | PointCoil™ Marker is a 5-mm-long helical coil for IGRT. The design maximizes stability and minimizes artefacts. IGRT, image-guided radiotherapy.





Data Collection and Analysis

For the comparison of the FM implantation duration, the total time used for FM implantation with VBN for both groups was recorded. For the comparison of X-ray exposure to patients and staff, the dose area product (DAP) in dGy*cm2, a quantity used in assessing the radiation risk from diagnostic X-ray examinations, was collected from the internal chamber of the manufacturer (Axiom Artis, Siemens, Munich, Germany) for each exposure for both groups. Furthermore, the total number of FMs implanted during the VBN session was collected and compared for each patient in both groups.

Data analysis was performed using Data Analyses, an add-in statistical tool of Microsoft Excel (Version 16.50, Microsoft 365 Subscription). A parametric, independent t-test was used to compare the means of the two groups of the patients. All p-values were two-sided. A p-value of less than 0.05 was statistically significant.




Results

A total of 32 patients (16 men and 16 women aged 37 to 92; median 59.5, SD = 16.58) were recruited for this study, and their demographics are summarized in Table 1. Twelve patients’ lesions were centrally located, and 20 patients’ lesions were peripherally located. There were 35 lesions in 32 patients, and a total of 162 FMs were inserted with no procedure-related complications noted.


Table 1 | Patient demographic information.



For the insertion time comparison, the mean, minimum, maximum, and SD values of the procedure duration for both groups of patients are presented in Table 2. Results showed that the mean duration of FM implantation was reduced from 41.1 min (minimum 26.0 to maximum 56.0 min) for those without pre-procedure planning (Group 1) to 22.9 min (minimum 15.0 to maximum 30.0 min) for those with pre-procedure planning followed by VBN (Group 2). This difference was significant, p = 0.00 (1-tailed).


Table 2 | The procedure durations of both groups of patients (min).



Figure 7 presents the duration frequencies of FM insertion for both groups of patients through a histogram. Results showed that for FM implantation without pre-procedure planning, most of the durations were from 35 to 55 min, while for FM implantation with additional pre-procedure planning, all durations ranged from 15 to 30 min.




Figure 7 | Procedure duration frequency histogram for both groups of patients.



For the radiation exposure comparison, the mean, minimum, maximum, and SD values of the DAP (dGy*cm2) are presented in Table 3. Results showed that the mean DAP of FM implantation was reduced from 67.4 (minimum 10.9 to maximum 217.6 dGy*cm2) for those without pre-procedure planning (Group 1) to 25.3 (minimum 9.0 to maximum 47.2 dGy*cm2) for those with pre-procedure planning followed by VBN (Group 2). This difference was significant, p = 0.01 (1-tailed).


Table 3 | The DAP of both groups of patients (dGy*cm2).



Figure 8 presents the DAP frequency of FM insertion for both groups of patients through a histogram. Results showed that for FM implantation without pre-procedure planning, the DAPs were widely spread from 10 to 130 with 1 extreme case of more than 200 dGy*cm2, while for FM implantation with additional pre-procedure planning, all DAPs were confined within 10 to 50 except one with 9.0 dGy*cm2.




Figure 8 | The radiation exposure frequency histogram of both groups of patients (dGy*cm2).



For the number of FMs implanted, the mean number of FMs inserted was increased from 4.7 for implantation without pre-procedure planning to 5.6 for implantation with additional pre-procedure planning. Meanwhile, the percentage of patients inserted with 5 to 6 ideal numbers of FMs was increased from 56% to 86%. This difference was significant, p = 0.00 (1-tailed).

Figure 9 presents the frequencies of FMs inserted for both groups of patients through a histogram. Results showed that for FM implantation without pre-procedure planning, the number of FMs inserted was widely spread from 3 to 6 and mostly 4 or 5, while for FM implantation with additional pre-procedure planning, most patients were inserted with the maximum amount of 6 FMs.




Figure 9 | Histogram of the number of FM insertion frequency.





Discussion

Respiratory motion is a major challenge for precision radiotherapy of lung cancer (21). Studies have shown that inaccurate tumour motion measurement and tracking can lead to errors in target volume determination and subsequently dose delivery (22, 23). FMs allow for reliable and accurate determination of the lung tumour’s position and motion, and they have the potential to significantly improve treatment safety and outcome (24). In our centre, FM implantation is an essential procedure for all patients with invisible lung lesions and to be treated with CK. In this study, we aim to use an additional procedure before FM implantation to improve the overall efficiency by reducing the time for implantation and radiation exposure to the patient and staff, as well as the quality of the implantation by increasing the number of FMs deployed around the lesion, which means a higher chance of trackability more representative of the tumour motion (25).


Tolerability and Complication

FMs can be implanted into the lung using two methods, transthoracic/percutaneous and transbronchial through the patient’s respiratory tract. Research showed that percutaneous or CT-guided transthoracic insertion of FMs is associated with a high risk of pneumothorax (16, 26–28). In contrast, transbronchial FM implantation is much safer. A review of 5 studies using the transbronchial FM implantation method showed that 4 of them recorded 0% implantation-induced pneumothorax (14, 15, 29, 30), and the remaining one recorded 2.3% (31). Other recent studies showed that the rate of complication is usually associated with guided transbronchial biopsies (TBBs) performed before FM implantation (32, 33). In this study, there was neither bleeding nor pneumothorax in both groups of our patients after FM implantation with or without pre-procedure planning.



Improving the Fiducial Marker Insertion Efficiency

Previous FM insertions were complicated due to the absence of pre-procedure planning. The procedure is dependent on the experience and real-time decision making of a group of different health professionals, including an anaesthetist handling the patients’ condition, a respiratory specialist manipulating the bronchoscope and navigating inside patients’ bodies to look for a good position for the FM, a medical physicist, and a radiation therapist from the CK team staying in the control room, giving advice and confirming the location for FM deployment. With pre-procedure planning, we can decide where and how many FMs can be inserted and what will be the overall resulting configuration. We will also be aware of the possibility that one or more directions could not be feasible for FM deployment or that there are no small bronchi for FMs to be firmly anchored to. Thus, the FM insertion procedure becomes simpler.

The results of this study show that with pre-procedure planning, the average time of FM insertion can be reduced from 41.1 to 22.9 min or by 44% (median = 22.5 min). Furthermore, the overall procedure duration is more predictable, where 9 out of 14 patients’ procedure times are within 20 to 25 min and the SD is reduced from 8.7 to 4.7 min. Improving efficiency brings several advantages. First, the time of patients under anaesthesia can be reduced. It is expected that the risk due to anaesthesia will also be reduced, and hopefully, this procedure can be tolerable by more patients. Second, utilization of the endoscopy room can be increased. With a shorter and more predictable duration, resource allocation will be more effective, and more patients can be arranged for endoscopy procedures. Furthermore, the cost of the procedure is expected to be reduced. The endoscopy room is one of the costliest components of a hospital, and a reduction in the procedure time is expected to be followed by a reduction in cost to patients, which results in a higher chance of continuing to enjoy organizational success.

In a more recently published study by Casutt et al. (2021) (33), the researchers evaluated FM implantation procedures using endobronchial insertion under fluoroscopy like ours but without pre-procedure planning. Their results showed that the median time of the procedure was 31.5 min (10-95 min). Our study showed a shorter duration (22.5 vs. 31 min) and a more consistent range of time (15–30 vs. 10–90 min). In addition, the average number of FMs implanted in Casutt’s study was 3.0, while in our study, it was 5.6 with pre-procedure planning. The comparison reinforced that pre-procedure planning can improve FM implantation efficiency.



Reducing the Radiation Exposure

The main principle of radiation protection is to protect patients from unnecessary radiation and perform medical procedures with as low as reasonably achievable (ALARA) doses. In this study, we use the DAP measured during the examination as a quantitative tool to compare the radiation exposure of patients as well as staff during the FM insertion procedure.

The results of this study show that with pre-procedure planning, the average DAP is reduced from 67.4 to 25.3 dGy*cm2 or by 62%. Furthermore, the overall radiation exposure to patient and staff become more consistent and predictable, which is shown by the reduced SD from 56.1 dGy*cm2 in Group 1 patients to 13.8 dGy*cm2 in Group 2 patients. This is largely due to the reduction in time of fluoroscopy. Because the location of FMs is predefined and the route to the designated location is guided by the VBN system, respiratory specialists can avoid frequent fluoroscopy during the procedure to locate the position of the endoscope and look for ways to the desired location. Furthermore, staff radiation exposure is expected to be reduced too, which also reduces the chance of staff overexposure resulting in manpower shortage.



Increasing the Number of Fiducial Markers Implanted

The lung tumour moves in all directions, and the amplitude can be up to 12 mm in the cranial–caudal direction (16). According to the CK guideline on FM placement, at least 3 FMs are required for 3D tumour tracking, while 4–6 are recommended for more secure and confident tumour motion tracking along with the CK treatment (34). Meanwhile, researchers also recommended implanting 4–6 FMs to improve marker reliability and tracking accuracy (35).

The results of this study show that the average number of FMs inserted only increased slightly from 4.7 to 5.6 with the application of pre-procedure planning. However, with the new workflow, 10 out of 14 patients can be inserted with 6 FMs, and no patient will be inserted with less than 4 FMs. This largely increases the reliability of the FMs in representing the true tumour motion and the confidence of continuous 3D tracking along with the treatment in considering the possibilities of FM migration.



The Effect on Target Trackability

Theoretically, we could expect better trackability based on the concept that with pre-procedure planning, the ideal locations of the FMs were preliminarily identified. The ideal locations could fulfil both the criteria that it should be at the distal end of small bronchi and located at a predefined distance away from the tumour, making a good overall configuration around the tumour, which means a higher chance of trackability. In reviewing this, we defined the trackability of the target or FMs by the number of FMs implanted to the number of FMs tracked when the CK treatment starts and compare the results of the two groups of patients.

Results showed that the trackability was increased from 41% (minimum 0% to maximum 75%) for patients without pre-procedure planning (Group 1) to 50% (minimum 33% to maximum 100%) for patients with pre-procedure planning (Group 2). However, the difference was insignificant, p = 0.12 (1-tailed). This could be explained by the patient-dependent nature of the probability of FM migration. For patients suffering from frequent coughing due to lung disease, migration or even loss of FMs is common.



The Values of This Study

FM tracking is the only choice for CK of non-small cell lung cancer (NSCLC) patients with small tumours that are invisible under the planar X-ray view. Real-time fiducial tracking together with Synchrony respiratory motion management results in excellent motion synchronized treatment with sub-millimetre margins to the targets (17). This study introduced a new set of implantation rules and guidelines that could become a helpful reference for other clinical centres using CK in SBRT. We expect that if the suggested pre-planned FM positions method is proved to be more effective, FM implantation procedures will be well-organized, and the results will be more predictable.



Assumptions and Limitations of the Study

There are some assumptions for this study. First, it is not possible to move all FMs in the same vectors and not cause differences in the FM centroid and displacement. Second, tumour shrinkage during the period of CK treatment is negligible. Although one previous study showed that the tumour will shrink during SBRT, the shrinkage rates were not necessarily uniform (18). In the present study, it is assumed that the size of the tumour remains unchanged. Therefore, all the FM displacements that will be measured after the CT images are fused are due to FM displacement.

This study also has some limitations. First, although an ideal FM configuration can be determined, it is nearly impossible to achieve. If the lung tumour is located near the lung circumference of the diaphragm, there will be a no-FM zone such as the chest wall and the diaphragm, which limits the all-around distribution of the FMs, resulting in an unevenly distributed FM arrangement and increasing the distance between the tumour and the FM centroid (Figure 10). Second, it is not well-known how close the VBN combined with ultrathin endoscopy-guided FM implantation can be to the pre-planned FM positions. It is assumed that the discrepancies between the two can be within 1 cm. Third, only small bronchi near the lung circumference are highly FM fixed. Therefore, only about one-third of the lung volumes are possible for FM implantation. Moreover, to some extent, the fixation of FMs was patient dependent. For example, coughing is one cause of FM migration. Patients with a coughing problem during the period of CK treatment may have a higher chance of FM migration and displacement. Finally, some patients have more than one tumour located close to each other. A set of FMs can be used to treat a combination of one or more tumours at the same time, but this will complicate the definition of the tumour centroid and the distance of the FM to the tumour.




Figure 10 | The illustration of no-FM zone if the lung tumour is close to the lung circumference.





Future Directions

The CK FM tracking system is complex. To achieve 6DOF FM tracking, criteria such as minimum distance between FM angles between FM configuration should all be fulfilled. However, there were no technical guidelines on how to implant FMs in fulfilling the CK tracking criteria. Furthermore, FMs cannot easily be fixed in the small bronchi after implantation. Future studies should focus on increasing FM stability and fixation by using different kinds of FMs and how to implant FMs into a designated position accurately. Moreover, future similar studies should consider increasing their sample size.




Conclusion

In this study, implementing additional pre-procedure planning before FM implantation improves the overall efficiency by reducing the duration from 41.1 to 22.9 min. Meanwhile, the new workflow reduces the radiation exposure by decreasing the DAP from 67.4 to 25.3 dGy*cm2. Furthermore, the number of FMs inserted around the tumours is increased from 4.7 to 5.6, and the number of patients inserted with 5 or 6 FMs is increased from 56% to 86%.
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Backgrounds

Functional liver imaging can identify functional liver distribution heterogeneity and integrate it into radiotherapy planning. The feasibility and clinical benefit of functional liver-sparing radiotherapy planning are currently unknown.



Methods

A comprehensive search of several primary databases was performed to identify studies that met the inclusion criteria. The primary objective of this study was to evaluate the dosimetric and clinical benefits of functional liver-sparing planning radiotherapy. Secondary objectives were to assess the ability of functional imaging to predict the risk of radiation-induced liver toxicity (RILT), and the dose-response relationship after radiotherapy.



Results

A total of 20 publications were enrolled in descriptive tables and meta-analysis. The meta-analysis found that mean functional liver dose (f-MLD) was reduced by 1.0 Gy [95%CI: (-0.13, 2.13)], standard mean differences (SMD) of functional liver volume receiving ≥20 Gy (fV20) decreased by 0.25 [95%CI: (-0.14, 0.65)] when planning was optimized to sparing functional liver (P >0.05). Seven clinical prospective studies reported functional liver-sparing planning-guided radiotherapy leads to a low incidence of RILD, and the single rate meta-analysis showed that the RILD (defined as CTP score increase ≥2) incidence was 0.04 [95%CI: (0.00, 0.11), P <0.05]. Four studies showed that functional liver imaging had a higher value to predict RILT than conventional anatomical CT. Four studies established dose-response relationships in functional liver imaging after radiotherapy.



Conclusion

Although functional imaging modalities and definitions are heterogeneous between studies, but incorporation into radiotherapy procedures for liver cancer patients may provide clinical benefits. Further validation in randomized clinical trials will be required in the future.





Keywords: liver neoplasms, functional liver imaging, radiotherapy, dose-response, radiation-induced liver toxicity (RILT)



Introduction

Hepatocellular carcinoma (HCC) is the fifth most common cancer and the third most common cause of cancer-related death globally, and its incidence is increasing year by year (1, 2). Moreover, the liver is the most common site of metastasis for other primary cancers (3). The liver was considered a contraindication to radiotherapy in the past because the radiation dose could not be safely delivered to the whole liver and could lead to acute radiation-induced liver toxicity (RILT) and even death (1, 4). Although, stereotactic body radiotherapy (SBRT) can provide a highly conformal dose of intense radiation to tumors while minimizing damage to organs at risk (OARs) and has become an effective treatment for liver tumors with excellent local control rates of 80% to 90% (5). However, RILT was a complex condition with a wide range of clinical symptoms ranging from an asymptomatic elevation of liver enzymes to liver failure and death, with an G3+ incidence of 5% to 36% in SBRT patients, limiting the implementation of high-dose radiotherapy (4–7). This risk was further increased by several pre-existing factors in the liver parenchyma, including hepatitis B virus and hepatitis C virus infection and cirrhosis (5). Until now, there was no specific treatment for RILT (4).

HCC patients have significant heterogeneity in liver function, which may be the result of organ structure, disease, or previous treatment injuries (8). The clinical liver function assessment was usually graded using Child-Turcotte-Pugh (CTP) tools, but it can be influenced easily by clinician’s subjective and other confusing factors (9). The further problem was that the widely used dose-volume constraint of the normal liver relies on anatomical CT imaging (which provides morphological information) and fails to consider liver function inhomogeneities in planning (5, 9).

Currently, functional liver imaging modalities include dual-energy CT, Magnetic Resonance Imaging (MRI), Single-Photon Emission Computed Tomography (SPECT), and Positron Emission Tomography (PET), all of which can provide quantitative visualization of liver function distribution. Integrate liver function 3-dimensional distribution information into planning for optimization (such as changing beams direction) to safely deliver a higher dose and minimize the ‘best functional’ (i.e., functional liver) liver dose (8, 10). Functional liver imaging complements anatomical CT imaging and provides insight into RILT beyond the existing anatomy-based dose-volume predictive model. Though functional imaging studies have shown a higher value in predicting radiation-induced lung injury than anatomical CT planning parameters (e.g., functional lung mean dose greater than lung mean dose), but its value in predicting RILT was unknown (11). In addition, there was no clear consensus on functional liver imaging modalities, functional liver definition, and functional planning optimization. Therefore, this systematic review was focused on evaluating the potential utility value of functional liver imaging in liver cancer radiotherapy.



Materials and Methods

The systematic review was performed using structured search terms following the PRISMA guidelines (12). Our research questions regarding patients, interventions, comparisons, outcomes, and study design (PICOS) methods are described in Supplemental A (Table 1). This systematic review and meta-analysis had been pre-registered on the PROSPERO (CRD42021257779).


Search Strategy

We performed a systematic literature search in five electronic databases on April 10, 2021: PubMed, Embase, Cochrane, Sinomed, Chinese National Knowledge Infrastructure (CNKI). All eligible literature with a publication date between 1990 and search date was included. In PubMed and Embase databases, the search strategies of combining subject headings and free text words were adopted. The following subject headings searches were used: “Liver Neoplasms” AND “Radiotherapy”. All the ‘Entry Terms’ of the subject headings were used as free text words. These were finally combined with key words “functional liver”, “liver function”, or “functioning liver”. Searches in Embase database adopted a similar principle and were adjusted according to the database’s thesaurus. While in the Cochrane database, subject headings combined with keywords were used. The keywords search strategy was used in two Chinese databases. A manual secondary search of the reference list uncovered an additional 18 studies. There were no restrictions on language. The complete search strategy for each database was available in Supplemental B.



Study Selection

The following study inclusion criteria were followed: (i) Functional liver imaging utilized in external radiotherapy for patients with liver cancer; (ii) Comparison of the differences in dose-volume parameters (DVP) between the functional liver sparing and the anatomical CT radiotherapy planning; or (iii) Investigate the ability or parameters of functional liver imaging to predict RILD (radiation-induced liver disease, defined as CTP score increase ≥2), and the dose-response relationship; or (iv) Exploring liver cancer patients’ RILD rate after delivery of functional liver protection planning-guided radiotherapy.

Editorials, letters, reviews, and case reports were excluded. When several publications on the same topic existed simultaneously from the same research team, the article with the wealthiest data or the latest publication was chosen. The number of patients included in each study was not less than five. Mean ± standard deviation (SD) or median (range) of the planning parameters that cannot be obtained were excluded from the meta-analysis.



Data Collection

Data were extracted independently from each article by two reviewers and recorded in a prepared data collection form. Any differences between the extracted data from the two were resolved by negotiation or by a third reviewer.

Data collected included: first author, year of publication, study type, functional liver imaging modality, patient characteristics, number of patients, the definition of the functional liver, functional liver imaging technology parameters, information of radiotherapy planning, assessment of the dose-response relationship, the association between the functional liver dosimetric and clinical outcomes (RILT, prognosis). The dosimetric (fV20: functional liver volume receiving ≥20 Gy; f-MLD: mean functional liver dose) were collected from comparative studies of functional liver sparing and anatomical CT planning. Two reviewers evaluated literature (non-randomized controlled trials) quality using the Newcastle–Ottawa scale (NOS), and a score of seven or higher was considered a high-quality study. Differences were resolved through negotiation or by a third reviewer.



Meta-Analysis

Meta-analysis was performed for the differences in f-MLD and fV20 between conventional anatomical and functional planning. Not all studies provide mean ± SD, and if raw data are not available, but median values and confidence intervals are provided, then the method described can be used to calculate (13). Some studies only provided the mean value without SD or only the difference between anatomical and functional planning, so these studies were also excluded.

Meta-analysis and corresponding plots were performed using the statistical software - Review Manager (RevMan) Version 5.4 (The Cochrane Collaboration, 2020) or Stata 16.0. Heterogeneity was assessed using the I2 statistic (I2 >50%, showed significant heterogeneity). Random-effects models were more applicable to mitigate heterogeneity than fixed-effects models, so random-effect model was selected for meta-analysis. We evaluated publication bias using funnel plots and Egger’s test checked (when the number of studies included in meta-analysis was ≥ 10, P value < 0.05 considered significant). Sensitivity analysis was performed by exclude studies one-by-one.




Results

A total of 66 publications were enrolled in the full-text assessments. Forty-seven publications met the inclusion criteria for descriptive analysis (Figure 1). Twenty-seven of them were excluded because they were case reports, number of patients less than five, had no available information or had already included the latest or most informative publication of the same research team (14–40). Finally, the remaining twenty articles met the meta-analysis or descriptive tables (3, 5, 6, 9, 10, 41–55).




Figure 1 | The flow diagram illustrates the screening and evaluation process (adapted from the PRISMA guidelines).



Nine functional liver imaging studies met inclusion criteria for comparison of functional liver and conventional anatomical planning dosimetric (3, 5, 41–44, 49, 50, 55) (Table 1). Almost all studies showed statistically significant decrease of functional liver dose in the functional liver-sparing planning compared to the conventional anatomical planning, without significant change in the target consistency index (CI), homogeneity index (HI), or OARs dose. Some studies reported that f-MLD and fV20 were associated with the collected data endpoints (RILD), and had sufficient published data available for meta-analysis. According to the NOS score, all studies were of high quality, and the evaluation details are shown in Supplemental A (Table 2).


Table 1 | Provides detailed descriptions of each study, including patients’ information, functional imaging/planning technique utilized, functional liver definition and key findings.



Eight publications were selected for f-MLD meta-analysis (3, 41–44, 49, 50, 56). Two articles used different thresholds to defined functional liver, and compared dose differences between functional liver-sparing and conventional anatomical planning (41, 50). Some studies were not included in the meta-analysis because they were incomplete (only mean value or percentage difference), and raw data were unavailable (44, 49, 53). When only one threshold was included from each study (the threshold which showed the maximum difference between conventional and functional liver-sparing planning), the f-MLD was decreased by: 1.0 Gy [95%CI: (-0.13, 2.13), I2 = 0%] between functional liver-sparing and conventional anatomical planning (Figure 2A). Sensitivity analysis found the result was robust, and no significant publication bias was identified by visual observation from the funnel plot (Supplemental A Figure 1). Four papers were eligible for fV20 meta-analysis (3, 5, 42, 55). The SMD was used because the fV20 value in these four studies were expressed in different forms (cc, cm3 and percentage). The fV20 SMD was decreased by: [0.25, 95%CI:(-0.14, 0.65), I2 = 0%] between functional liver-sparing and conventional anatomical planning (Figure 2B). Currently, there were significant statistical difference in f-MLD and fV20 between functional liver-sparing and conventional anatomical planning (P >0.05).




Figure 2 | Forest plot of the difference in dose-volume parameters of functional liver between the functional liver-sparing and conventional anatomical plans. (A) f-MLD (functional liver mean dose); (B) fV20 (functional liver volume receiving ≥ 20 Gy).



Four of the studies showed that functional liver imaging was statistically significant in predicting the endpoint of RILT, while no correlation was found with anatomic planning (9, 44, 53, 54) (Table 2). Although the endpoints used to evaluate RILD were inconsistent across studies. Seven studies evaluated RILT after functional liver-sparing planning-guided radiotherapy, six of which were prospective and one retrospective (6, 44, 48, 51–53, 55) (Table 2B). A total of 180 patients were included, 111 had a baseline CTP score A, and the rest had score B or higher (55 patients), and one publication did not describe baseline liver function. Altogether, thirteen participants were described to have developed RILD. Logan et al. (48) showed that patients who developed RILD had poorer baseline liver function (both CTP B/C). The single rate meta-analysis of the incidence of RILD in the included studies showed an incidence of 0.04 [95%CI: (0.00, 0.11), I2 = 58.5%, P <0.05] when functional liver-sparing planning-guided radiotherapy (after double-arcsine transformations) (Figure 3). And three studies described correlations between functional liver imaging and prognosis, two of which demonstrated the functional liver dose-volume parameters to predict prognosis (9, 47).


Table 2 | Description of functional liver imaging correlating with clinical liver function, radiation-induced liver disease and prognosis.






Figure 3 | Forest plot of single rate mete-analysis in incidence of RILD for functional liver protection planning guided radiotherapy. (RILD, radiation-induced liver disease).



Four publications described the dose-response relationship between radiation dose received and liver function decline (6, 10, 45, 46) (Table 3). Three studies used linear models (6, 10, 46), and another study had a sigmoid-shaped dose-response curve. Changes in liver function with dose were similar across the four studies, despite differences in population heterogeneity, radiotherapy techniques, prescription dose, time points, and dose-response model parameters.


Table 3 | Description of dose–response relationship after radiotherapy.



The most frequently utilized functional liver imaging technique in included literature was SPECT (tracer: 99mTc-Sc, 99mTc- HIDA or 99mTc-GSA) with 14 publications, followed by MRI (Gd-EOB-DTPA) with four papers, PET (18F-FDG) with two studies, and dual-energy CT (Iodine) with one literature. Thirteen studies provided functional liver imaging scans parameters. Many studies used one or more methods to suppress the effect of breathing motion in both the accuracy of liver tumor volume measurements and image registration (e.g., end-exhale CT, four-dimensional CT, abdominal compression, breathing-hold, or Calypso-guide gating). Several registration systems or toolkits were mentioned in the literature. For instance, Smartadapt/MIM software, Velocity software, insight segmentation, and registration toolkit (Supplemental A Table 3).



Discussion

The current evaluation of the liver radiotherapy planning was based on the assumption of uniform and consistent liver function. Although with the advancement of radiotherapy technology, the dose distribution in the target area has been improved, and radiation dose to surrounding OARs has been reduced. However, there are still a minority of liver cancer radiotherapy patients who will have a significant RILT, leading to treatment interruption or even death by acute liver failure. However, previous studies have shown that functional liver imaging can identify the distribution of liver function and could be integrate it into radiotherapy planning to protect the higher-functioning liver volumes. That is the first systematic review and meta-analysis of functional liver imaging in radiotherapy for liver cancer. Meta-analysis indicated that functional liver preservation radiotherapy planning could potentially reduce f-MLD and fV20, but no statistical significance. Because some studies were abandoned before meta-analysis due to incomplete data, so future functional liver-sparing comparative planning studies should clearly state the primary functional liver mean doses differences (± SD). Dose constraints regimens and parameters optimization settings also should be clearly provided for functional liver-sparing and conventional anatomical planning to guarantee consistency. However, the single rate meta-analysis of the incidence of RILD with functional liver-sparing planning-guided radiotherapy showed that the incidence of RILD was only 4%, which was lower than previously reported for the conventional anatomical planning radiotherapy.

The maximum clinical significance of functional liver imaging planning was to reduce the incidence of RILT without reducing overall survival. In the included literature, studies showed that functional liver dose-volume parameters (e.g., fV20) helped predict the occurrence of RILT. In clinical, it was a challenge to improve the survival rate, and reduce the incidence of RILT of HCC patients with first portal vein tumor thrombus (PVTT). However, Shirai et al. (18) showed that no RILD occurred in patients with large hepatocellular carcinoma (greater than 14 cm) or combined PVTT who received the functional liver-sparing planning-guided radiotherapy (38). In terms of prognosis, Shirai et al. (18) showed that median overall survival in HCC patients with PVTT treated with functional liver-sparing planning-guided radiotherapy was comparable to the previously reported PVTT radiotherapy combined with transcatheter arterial chemoembolization or surgical hepatectomy. At present, there is not enough data to establish a probability model of normal tissue complications. Future publications should provide sufficient information on the value of functional liver dosimetric and anatomical liver dosimetric to predict RILT, which can be used to guide the establishment of functional liver-based dose limitations.

A similar dose-response relationship was observed on the functional liver imaging after radiotherapy, which decreased with the increase of radiation dose. Most of the publications evaluated the time points for evaluation were about one month after RT treatment, and only one was evaluated at three months. The functional imaging modality used in all publications was nuclear medicine imaging. Currently, there was not enough data to assess the best functional liver imaging modalities.

The definition of the functional liver was inconsistent in included publications (e.g., for SPECT, functional liver was defined as the percentage of maximum liver radioactivity counts (ranging from 10%, 20%, 30%, 50% to 100% max), the ratio to heart or spleen radioactivity counts, etc.), and no clear clinical evidence to guide the optimal definition. Furukawa et al. (41) showed that functional liver defined as > 50% of max radioactive counts with f-MLD decreased beyond >25% of maximum in functional liver-sparing planning (in SPECT/CT). Theoretically speaking, it was best to avoid radiation doses to liver tissue other than the tumor, but this was impossible with current radiotherapy techniques. However, it was possible to establish non-overlapping functional liver regions by defining different thresholds so that the more functional liver tissue should give more weight to protection without sacrificing conformity of tumor target volume and other OARs.

In the systematic review, 20 studies utilized different functional imaging techniques and radioactive tracers (contrast agents), most of which used nuclear medicine imaging. SPECT provides three-dimensional imaging of indirect or direct liver function by injecting different radiotracers. SPECT combined with low-resolution CT can improve tissue contrast and the accuracy of local radioactivity uptake estimation (47). The radioactive tracer 99mTc-HIDA is transported to hepatocytes via albumin to be taken up by organic anion transport protein (OATP1 B1/B3) and excreted in the biliary system without bio-metabolic conversion (55, 56). To exclude individual metabolic differences, divided by body surface area (liver uptake rate %/min/m2), De Graaf et al. (56) suggested the functional liver defined as 30% of the maximum radioactivity count. 99mTc-GSA is binding specifically to the desialic acid glycoprotein receptor expressed on hepatocytes, and suggested defining voxels below 54% of the maximum radioactivity count as background (56). 99mTc-Sc is taken up by Kupffer cells of the hepatic reticuloendothelial system, and its activity is closely related to liver function (43). PET/CT functional imaging provides better spatial and temporal resolution than SPECT (57). 18F-FDG is a radio-labeled galactose analogue that is metabolized by intrahepatic galactokinase and can be used to noninvasively quantify local hepatic metabolic function and visualize metabolic heterogeneity (50, 58). MRI-based functional imaging seamlessly connects to clinical examinations workflow, has a higher temporal and spatial resolution, and does not rely on ionizing radiation (59). Gd-EOB-DTPA, which is also selectively taken up by functional hepatocytes via OATP1 B1/B3, resulted in a significant shortening of T1 values in the functional liver. This leads to advancing the signal peak on T1WI to 20 min in the hepatobiliary phase in the functional liver (55, 60). DECT uses two different X-ray photon energies to quantitatively measure iodine density in tissues, which with high spatial resolution, high reproducibility, and low cost (3).

The modalities and acquisition parameters of functional liver images will affect the reconstruction and registration with anatomical CT images. Of the included publications, twelve described the image registration methods, most of which used MIM software, Smartadapt software, Velocity software, and insight segmentation and registration toolkit. The accuracy of image registration was critical in which the registration error between functional and anatomical CT images may lead to the spared inaccuracy of functional liver volume. Fukumitsu et al. (61) showed that for liver image registration, the performance of MIM and Velocity was generally similar. Insight segmentation and registration toolkit (ITK) was used to match image data, and the assessment results can be visualized and support different matching tasks in a clinical setting (62).

There were also some limitations in our study. First, published studies included in this review were in a small number of patients cohort and heterogeneous (patients characteristics, functional imaging modalities, radiotherapy techniques). It might be that functional liver imaging is still in the stage of clinical exploration and there are various treatment options available for liver cancer (such as early stage mostly choosing surgical resection, and local advanced stage opting for systemic therapy combined with radiofrequency ablation or intervention, etc.). Second, f-MLD and fV20 meta-analysis showed that both exhibited no statistically significant differences between functional liver preservation and anatomical plans (although all studies indicated a significant reduction). However, there was no significant heterogeneity or publication of bias. It might be associated with the number of patients, functional liver definition, and the difference of optimization. Negative results do provide a stronger warning to later investigators, reminding them to include larger study samples, report data in detailed (mean ± SD) or provide raw data in the appendix for data extraction, and give greater priority (weight) to functional liver in functional liver-sparing planning design. Third, most of the publications reviewed comprehensively did not report sufficient information to be included in the meta-analysis (e.g., no SD). And different studies reported inconsistent dose-volume parameters in functional plans (e.g., fV15, fV<15Gy), and inconsistent parameter units (such as cm3, cc, or percentage) compared with anatomical plans. Fourth, although the single rate meta-analysis of RILD incidence in the prospective observational studies of functional liver-sparing planning-guided radiotherapy indicated the potential to decrease RILD (but both SBRT and 3D-CRT were included, subgroup analysis was not performed). However, the reported endpoints of RILT were inconsistent (including CTP score increase 1 or 2 (RILD), or liver function decompensation), which may be a weakness of the current studies. In the future, sufficient randomized clinical intervention trials should be established to examine the differences in RILD incidence between functional liver-sparing and conventional anatomical planning. Probabilistic modeling of normal tissue complications should also be investigated to provide the optimal dose-limiting regimens for functional liver preservation planning-guided radiotherapy.



Conclusion

The 20 studies in this systematic review suggested that functional liver imaging provided information on functional dose-volume parameters that can more acuate predict the risk of RILT than anatomical CT (e.g., fV20). We found a similar dose-response for functional liver imaging after radiotherapy, indicating the potential to integrate functional liver imaging into treatment planning to decrease functional dose metrics. The meta-analysis showed that there were insufficient data to confirm that functional liver-sparing planning significantly reduced f-MLD and fV20 compared with anatomical CT planning. Different studies have used a wide variety of functional liver thresholds, and no standard threshold has been established. Functional liver-sparing planning-guided radiotherapy could reduce the incidence of RILD, but has yet to be validated in prospective randomized clinical intervention trials.
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Purpose

To minimize computation latency using a predictive strategy to retrieve and project tumor volume onto 2D MR beam eye’s view (BEV) cine from time-resolved four-dimensional magnetic resonance imaging (TR-4DMRI) libraries (inhalation/exhalation) for personalized MR-guided intensity-modulated radiotherapy (IMRT) or volumetric-modulated arc therapy (VMAT).



Methods

Two time-series forecasting algorithms, autoregressive (AR) modeling and deep-learning-based long short-term memory (LSTM), were applied to predict the diaphragm position in the next 2D BEV cine to identify a motion-matched and hysteresis-accounted image to retrieve the tumor volume from the inhalation/exhalation TR-4DMRI libraries. Three 40-s TR-4DMRI (2 Hz, 3 × 80 images) per patient of eight lung cancer patients were used to create patient-specific inhalation/exhalation 4DMRI libraries, extract diaphragmatic waveforms, and interpolate them to f = 4 and 8 Hz to match 2D cine frame rates. Along a (40•f)-timepoint waveform, 30•f training timepoints were moved forward to produce 3×(10•f-1) predictions. The accuracy of position prediction was assessed against the waveform ground truth. The accuracy of tumor volume projections was evaluated using the center-of-mass difference (∆COM) and Dice similarity index against the TR-4DMRI ground truth for both IMRT (six beam angles, 30° interval) and VMAT (240/480 beam angles, 1.5°/0.75° interval, at 4/8 Hz, respectively).



Results

The accuracy of the first-timepoint prediction is 0.36 ± 0.10 mm (AR) and 0.62 ± 0.21 mm (LSTM) at 4 Hz and 0.06 ± 0.02 mm (AR) and 0.18 ± 0.06 mm (LSTM) at 8 Hz. A 10%–20% random error in prediction-library matching increases the overall uncertainty slightly. For both IMRT and VMAT, the accuracy of projected tumor volume contours on 2D BEV cine is ∆COM = 0.39 ± 0.13 mm and DICE = 0.97 ± 0.02 at 4 Hz and ∆COM = 0.10 ± 0.04 mm and DICE = 1.00 ± 0.00 at 8Hz.



Conclusion

This study demonstrates the feasibility of accurately predicting respiratory motion during 2D BEV cine imaging, identifying a motion-matched and hysteresis-accounted tumor volume, and projecting tumor volume contour on 2D BEV cine for real-time assessment of beam-to-tumor conformality, promising for optimal personalized MR-guided radiotherapy.





Keywords: MR-BEV-cine-guided radiotherapy, beam-to-tumor conformality, real-time motion prediction, latency, Motion management



Introduction

One of the major advantages of magnetic resonance imaging integrated linear accelerator (MR-Linac) is to provide MR-guided radiotherapy (MRgRT), including real-time tumor motion management, making respiratory gating accurate and tumor tracking possible, especially for hypo-fractional stereotactic body radiotherapy (SBRT) (1–3). As MRgRT provides patient-specific imaging in real-time during treatment, adapting to inter-fractional and intra-fractional patient anatomic variations, it offers the best-personalized radiotherapy. Clinically, improved treatment outcomes have been reported showing the benefit of sparing critical organs at risk (OARs) so that the tumor lethal dose can be prescribed and delivered to a mobile target, including lung, liver, and pancreatic cancer (3, 4). Compared with conventional image-guided radiotherapy (IGRT), MRgRT offers many advantages, including real-time imaging with high soft-tissue contrast without ionization radiation. So far, the intensity-modulated radiotherapy (IMRT) technique is available in the MR-Linac and the volumetrically modulated arc therapy (VMAT) technique should be possible in the future.

Currently, dynamic 2D cine imaging in the sagittal and coronal views can be employed for MR-guided IMRT to monitor respiratory-induced tumor motion in real time covering the major motions in the superior–inferior (SI) and anterior–posterior (AP) directions. Although the two cine views infer a 3D tumor motion, they are partial and indirect views of a volumetric tumor related to the radiation beam. Moreover, potential through-plane tumor motion may interfere with motion interpretation. The more effective, optimal view for assessing the beam-to-tumor conformality should be the beam eye’s view (BEV), which is how the radiation beam sees the mobile tumor and only needs one cine scan (5–7). Previously, a 2D BEV cine technique with tumor volume projection has been reported feasible for better MRgRT (8). For IMRT treatment, adequate accuracy and performance have been achieved to identify and project a volumetric tumor onto the BEV by 2D–3D matching between the 2D tumor image on the BEV cine images and a time-resolved (TR) 4DMRI library containing volumetric images from multiple breathing cycles (9–12). For MR-guided VMAT, which may be available in the future, real-time communication and computation are required for 2D cine imaging with a rotating BEV and projecting tumor volume with minimal latency.

To overcome system latency, predictive strategies have been applied to provide a just-in-time prediction of tumor motion in the next 30–1,000 ms, using conventional Linac for tumor tracking, including adjusting the radiation beam, a multi-leaf collimator (MLC), or couch position to keep up with a tumor motion (13–15). Various predictive methods have been evaluated, including time-series-based (16), model-based (17), regression-based (18), and machine-learning-based (19, 20) prediction methods. Short-term motion prediction is an effective and efficient approach to overcome the system latency and reduce the frequency of x-ray imaging.

Additionally, respiratory motion hysteresis is a commonly occurring phenomenon in patients, resulting in variations in tumor motion trajectory, orientation, and shape between inhalation and exhalation (21, 22). Therefore, even at the same tumor displacement in the superior–inferior (SI) direction, the tumor shape, orientation, and anterior–posterior (AP) and left–right (RL) positions may vary due to the motion hysteresis (15, 21–24). Therefore, without differentiating the inhalation and exhalation processes, it may add uncertainties in retrieving the motion-matched tumor volume for BEV projection.

In this simulation study, we aimed to minimize the latency in matching a tumor volume by predicting the respiratory motion to identify and project tumor volume in parallel with the next 2D BEV cine acquisition. In addition, to minimize the motion hysteresis effect, two TR-4DMRI image libraries of exhalation and inhalation were created by grouping volumetric images based on their moving directions. Two predictive algorithms, a conventional autoregression (AR) modeling and a deep-learning-based long short-term memory (LSTM) neural network, were applied and evaluated with the known waveforms. The accuracy of tumor volume projection on the 2D BEV cine images was evaluated against the ground truth embedded in the TR-4DMRI datasets. This improved 2D BEV cine technique was evaluated for both MR-guided IMRT and VMAT treatments.



Methods

In this study, a predictive strategy was proposed and evaluated to identify and project tumor volume onto 2D BEV cine images in real time with minimized system latency and included respiratory motion hysteresis. The workflow of the strategy is shown in Figure 1.




Figure 1 | The workflow of the predictive strategy to predict, identify, and project tumor volume onto 2D BEV cine, followed by the verification of projected tumor volume using the center of mass and Dice similarity index against the ground truth for MR-guided IMRT and VMAT. In future clinical applications, the cine waveform can be utilized as well (gray box).




Three Time-Resolved 4DMRI Image Datasets, Waveform Extraction, and Interpolation

Eight lung cancer patients were recruited to participate in an IRB-approved protocol study using TR-4DMRI for respirator-induced tumor motion simulation and assessment in a 3T MRI scanner (Ingenia, Philips Healthcare, Amsterdam, Netherlands). Eight patients were scanned at simulation with 3D cine in free breathing (FB) for 40 (s) at f = 2 Hz three times within one imaging session. A T1-weighted, multi-shot, turbo field echo pulse sequence was used with SENSE acceleration (6.0) and partial Fourier approximation (0.8), so a total of 3 × 80 volumetric 3D cine images with a voxel size of 5 × 5 × 5 mm3 were acquired. Using the same scan protocol with less acceleration (3.75), three 3D cines (2 × 2 × 2 mm3) in breath hold (BH) at an arbitrary stage were acquired within 20 s. The TR-4DMRI images were reconstructed based on the super-resolution approach that has been developed via deformable image registration between the low-resolution FB and high-resolution BH images. Detailed 4DMRI scanning and reconstruction methods and conditions can be found in the previous publications (9–11).

The diaphragmatic motion waveforms were extracted from TR-4DMRI using an in-house program in MATLAB (MathWorks, MA). A navigator box (3 × 3 × 6 cm3) drawn on the right diaphragmatic dome was used to calculate the average voxel intensity at the same SI positions, and the point with the largest gradient was determined as the diaphragm position. Over the 80 images from a 40-s scan, diaphragmatic motion trajectory in a scan series was used as a motion waveform in the superior–inferior (SI) direction. Each of the three waveforms at the frequency of f = 2 Hz was interpolated using the b-spline function to f = 4 Hz and f = 8 Hz to match the possible scanning rates of clinical 2D cine frame rate, containing a total of 40•f timepoints.



Just-in-Time Prediction to Overcome System Latency in the 2D BEV Cine Strategy

Two time-series forecasting algorithms were applied to predict diaphragm motion based on the motion waveforms: (1) a classical autoregressive (AR) modeling algorithm implemented in the MATLAB Econometric Toolbox™ that uses past values as inputs to a regression algorithm to predict future values and (2) a deep-learning long short-term memory (LSTM) recurrent neural network algorithm in the MATLAB Deep Learning Toolbox™ that processes input data by looping over the time steps and updating the network state containing information over previous time steps. Various parameters were tested for the best prediction accuracy and performance in the two predictive algorithms, and the optimal settings include using 30-s training data, 10 AR polynomial degrees, and 20 hidden layers in the neural network using the Adam (Adaptive Moment Estimation) optimizer with the maximum of 150 epochs.

In each of the interpolated 40-s waveforms, a 30-s waveform section with 30•f timepoints was applied as training data to predict the diaphragm position at the next time point in 125 ms at f = 8 Hz and 250 ms at f = 4 Hz. After a prediction, the training dataset was moved one timepoint forward by adding one new timepoint and removing one old timepoint. The remaining 10-s waveform served as the ground truth to assess the prediction accuracy of n = 10•f-1 predictions per motion waveform. For each patient, a total of 3 × (10•f-1) predictions were made and evaluated to assess both patient-specific and population-based accuracy of motion prediction.



Accounting Tumor Motion Hysteresis by Identifying Tumor With Predicted Motion Direction

The 3 × 80 TR-4DMRI images per patient were categorized as in the inhalation and exhalation processes depending on the diaphragm moving direction from the previous timepoint. Therefore, two TR-4DMRI image libraries of inhalation and exhalation were built with roughly 120 images each. The estimated displacement interval on the diaphragm was 30 mm/120 = 0.25 mm, and the exact interval may vary, depending on the motion range, speed, and number of images. Note that the motion interval can be reduced, as more 40-s TR-4DMRI series could be acquired and added from simulation.

When the next diaphragm position is predicted, the moving direction was first used to select the TR-4DMRI library (inhalation or exhalation), and the predicted amplitude was then applied to identify a matched diaphragm, and therefore the corresponding tumor volume in the library. As exact diaphragm matching may not be found in a library, a small uncertainty should be added on top of the prediction uncertainty for the diaphragm position displacement (∆D), namely,

 

Once a volumetric image was identified with a matched diaphragm from a library, either for inhalation or for exhalation, the tumor volume projection was evaluated as the difference in the center of mass (∆COM) and the DICE similarity index, compared with the image ground truth embedded in the simulation dataset for accuracy assessment.



Accuracy of Tumor Volume Projection on 2D BEV Cine for MR-Guided IMRT and VMAT

For IMRT treatment, six fixed beam angles (0°–150°) with 30° intervals were used to assess the ∆COM and DICE of the projected tumor volumes between the predicted and ground truth as a function of time during treatment delivery. Mimicking a 6-beam IMRT plan, all TR-4DMRI images in the patient-specific libraries were segmented for tumor volume using an automated MATLAB program on all cuts parallel to the BEV with a 2-mm interval and ready to be projected to the 2D BEV images. The union of all projected contours was used as the final tumor volume projection.

For VMAT treatment, the full rotation was divided into 240 sections with 1.5° intervals in 4-Hz simulation and used to assess the ∆COM and DICE between the tumor volume projections from the predicted and ground truth. In the 8-Hz simulation, 480 sections per gantry rotation with 0.75° intervals were used. The results were analyzed as a function of gantry angle, assuming that the gantry rotates at a constant speed. It should be noted that clinically the gantry position is known within the MR-integrated Linac system and the beam angle will be updated. In the VMAT cases, much more beam angles were prepared with pre-segmented tumor volume ready to be used.

For both IMRT and VMAT cases, the results of tumor volume projection resulting from the predictions at 125 and 250 ms were evaluated using the ∆COM and Dice index based on 8- and 4-Hz interpolated waveforms, respectively. The two-tailed Student’s t test was used for all comparison, and a p-value of less than 0.05 was considered statistically significant different.




Results


Prediction Accuracy of the AR Modeling and LSTM Deep-Learning Network

Figure 2 illustrates the prediction and matching errors based on the 4- and 8-Hz waveforms. Only the first time point will be used as the diaphragm position in the next 2D BEV cine image for accuracy evaluation, while prediction errors for the first 10 time points are provided, which tend to level off around 1,000 ms at both frequencies. The prediction accuracy is higher at 8 Hz than at 4 Hz, primarily due to more training points being used. Furthermore, the AR method predicts more accurately (0.4 mm) and takes less time (0.4 s) than the LSTM prediction (0.6 mm, 1.5 s) at 4 Hz under the current computing conditions, as shown in Table 1. The same trend is observed using the 8-Hz waveform, as shown in Table 2.




Figure 2 | Prediction accuracy of the AR (autoregressive) modeling and the LSTM (long short-term memory) neural network as a function of the time points ahead of training datasets (the 30s of the waveform) using motion waveforms at 4 Hz (A: 10 predicted timepoints in 2,500 ms) and at 8 Hz (B: 10 predicted timepoints in 1,250 ms). The mean differences increase slightly due to the matching errors.




Table 1 | Prediction accuracy with matching uncertainties based on 4Hz motion waveforms.




Table 2 | Prediction accuracy with matching uncertainties based on 8-Hz motion waveforms.





Tumor Motion Hysteresis and Compensation Using Exhalation and Inhalation Libraries

The motion of the diaphragm spends slightly more time (more images) in exhalation than inhalation phases, as shown in Table 1. Figures 3, 4 show a couple of examples of motion hysteresis of the tumors in the coronal view (BEV = 0°) and are compensated for by identifying the matched tumor volume using the appropriate inhalation or exhalation TR-4DMRI library.




Figure 3 | Illustration of motion hysteresis of a posterior peripheral tumor (patient 2, with 20 breathing cycles in 40 s) during mid-inhalation (A) and mid-exhalation (B) with a similar diaphragm displacement at the zero-gantry angle (BEV = 0°). The isocenter (red cross) position is shown inside the in-plane tumor BEV contour (orange) and the projected volumetric tumor contour (white). Both the in-plane and projected tumor contour shapes and the centers of mass (COMs) are different between inhalation and exhalation. By selectively using either the inhalation or exhalation TR-4DMRI library based on the motion direction, the respiratory hysteresis effect is compensated.






Figure 4 | Illustration of 2D BEV (beam angle = 0°) difference of in-plane tumor contours (orange) between mid-inhalation (A) and mid-exhalation (B) (patient 7, with 17 breathing cycles in 40 s), while projected tumor volume contours (white) are similar in the multi-cycle TR-4DMRI images for this patient. The diaphragm positions are similar in all cases. Due to respiratory hysteresis, including the AP motion, the in-plane tumor contours (orange) are distinctively different between inhalation and exhalation. In contrast, tumor volume projections may not be affected by a through-plane (AP) motion, presenting a stable projected tumor contour. This predictive strategy distinguishes hysteresis-caused tumor volume differences via selectively using either the inhalation or exhalation TR-4DMRI library based on the respiratory direction, while the previous method distinguishes them via searching for a match with the highest Dice similarity index (8).





Verification of 2D BEV Cine With Tumor Volume Projections for IMRT and VMAT Treatments

Table 3 shows the average and standard deviation of COM difference (∆COM) and Dice similarity of projected tumor volume between the identified and ground truth for IMRT with six fixed beam angles and for VMAT with rotating beam angles (1.5° interval at 4 Hz and 0.75° interval at 8 Hz). Figure 5 shows the Dice similarity index in VMAT as a function of beam angle for predictions using the 4- and 8-Hz waveform data.


Table 3 | The accuracy of the center of mass (∆COM) and shape (Dice similarity index) of the projected tumor volume onto the 2D BEV cine images.






Figure 5 | The Dice similarity index of the projected tumor contours on the 2D BEV cine images between the predicted and the ground truth of the tumor volume as a function of beam angle (0°–360°). A constant gantry rotation is assumed for the two plots (Dice value display: 0.4–1.0). At both frequencies, the Dice index of patient 3 (yellow) shows the most variations among the eight patients. From 4 Hz (A) to 8 Hz (B) the average Dice index increases from 0.97 ± 0.02 to 1.00 ± 0.00 (Table 3) as the prediction accuracy increases, as shown in Tables 1, 2.






Discussion

Based on the previous 2D BEV cine approach for MR-guided IMRT (8), we have demonstrated the following three improvements of the approach in this simulation study: (1) the computation latency has been minimized by applying the prediction method in parallel with the 2D cine scan to identify a motion-matched tumor volume without searching from scratch, (2) respiratory-induced tumor motion hysteresis has been explicitely compensated for using the predicted motion to find a match in either inhalation or exhalation libraries depending on the motion direction, and (3) the feasibility of the 2D BEV cine approach to MR-guided VMAT has been tested. In the following, the advantages and limitations of the new 2D BEV cine approach will be discussed in depth.


Minimizing Computation Latency Using Just-in-Time Tumor Motion Prediction

The so-called just-in-time tumor motion prediction has been studied to combat the system latency in respiratory-gated or tumor-tracking radiotherapy, as it can predict several tens or hundreds of milliseconds (ms) ahead of time, allowing the system to start to act before an event occurs. In this study, the predictive strategy is applied to remove the computation latency in the 2D–3D library matching (8) for tumor volume projection. As the prediction can be started in parallel with the next BEV 2D cine acquisition, the predicted tumor position in the next cine frame should be available and ready to project tumor volume contour onto the 2D BEV cine image. Therefore, the computation latency can be reduced or eliminated if the prediction can be completed within 125 or 250 ms for 8- or 4-Hz cine acquisition, respectively.

Interestingly, the prediction accuracy and speed of the AR modeling method outperform the deep-learning-based LSTM neural network method, in both accuracy and performance. As the learning process is progressively reoccurring along with the moving training dataset, the LSTM has to relearn every time in the current algorithm. Therefore, the AR results will be used as the focus of the discussion. As shown in Tables 1, 2, the current AR computation times for prediction are 400 and 500 ms for 4- and 8-Hz training datasets, respectively. The computation time must be reduced to within 125–250 ms to remove the computation latency, and performance enhancement is achievable by optimizing the prediction code, using a more powerful computer, and/or employing parallel computing techniques, including the graphics processing unit (GPU) technique.

On average, the prediction accuracy is higher for the time point that is closer to the training dataset, as illustrated by the predictions of the next 125 ms (8 Hz) and 250 ms (4 Hz), as shown in Tables 1, 2. The higher the 2D cine frame rate, the higher the accuracy of prediction would be, and therefore the more accurate the tumor volume projection. Therefore, it is recommended to apply the highest cine frame rate, as long as the cine image quality is sufficient for tumor visualization. In this study, as the b-spline interpolation was applied to the waveform extracted from TR-4DMRI (2Hz), the waveforms are “smoother” than the actual, which contains random noise. However, even if a 2% random error was added to the interpolated motion waveform, the prediction error should still be at the sub-mm level. A random library matching error was present due to the limited motion interval in the TR-4DMRI library, and on average, the prediction results remain roughly the same (Figure 2).



Compensating for the Tumor Motion Hysteresis by Separating Inhalation and Exhalation

It is well known that respiratory-induced tumor motion is direction-dependent, meaning the path for inhalation is different from that of exhalation, namely, motion hysteresis (21, 24). Therefore, when identifying an image with a matching diaphragm or tumor displacement in the SI direction, the motion direction should be considered, in addition to amplitude. In this study, we split the TR-4DMRI library into inhalation and exhalation libraries and applied motion direction first to select the correct library and then found a match with the motion amplitude. Therefore, the hysteresis effect will be accounted for.

Using the current three-series TR-4DMRI, the number of images seems sufficient to have a small-enough motion interval in both inhalation and exhalation libraries, as the uncertainty from slight mismatching does not add too much error on average (Figure 2). However, for individual prediction, the finer interval should be helpful to identify a precise diaphragm or tumor position. The library sizes can be easily increased by acquiring more 40-s TR-4DMRI series as additional acquisitions. The 40-s limit is due to the MR scanner memory capacity. Therefore, the number of MR images in the exhalation and inhalation libraries can be increased substantially within a couple of minutes of TR-4DMIR acquisition.

The motion hysteresis has some variation, meaning the inhalation and exhalation path may not be very reproducible, as part of breathing irregularities. Therefore, there is an uncertainty in identifying a tumor volume from the libraries, either through previous 2D–3D library matching (8) or through current inhalation/exhalation library assignment.



Advantages and Limitations of Using BEV 2D Cine for MRgRT Treatments

It is a commonly accepted concept in image-guided radiotherapy that BEV imaging is the most useful guidance because it directly verifies if the radiation beam is targeting a mobile tumor and if beam-to-tumor conformality is acceptable by comparing the projected tumor volume in the planning BEV image and the verification BEV image. In a conventional Linac, an MV electronic portal imaging device (EPID) is used to take the BEV portal image, while in an MR-integrated Linac, a 2D BEV cine image can be acquired by changing the MR imaging orientation to be perpendicular to the radiation beam. Aside from other differences, the 2D BEV cine image provides a slice image, while the EPID produces a radiographic projection image. Therefore, the through-plane tumor motion will affect the MR cine image, and projecting the tumor volume onto the BEV cine becomes necessary. To retrieve tumor volumetric information, we proposed to identify the matched tumor volume in TR-4DMRI libraries via either previous 2D–3D library matching (8) or the predictive strategy to identify the motion-matched and hysteresis-compensated tumor volume for volume projection onto the 2D BEV cine image. Although both approaches work, the current approach has the advantage of no computational latency.

In this study, verification of the predicted tumor volume projection against the ground truth illustrates the accuracy of the improved 2D BEV cine strategy. A sub-mm accuracy in prediction and tumor COM has been achieved, while the contour shape similarity of the projected tumor volume is as high as >0.95 against the ground truth. Therefore, the 2D BEV cine with projected tumor volume is sufficiently accurate and reliable and can be viewed in real time as soon as the 2D BEV cine is acquired without computational latency. The current predictive code needs to be optimized on its performance to reduce the computation time from 400 ms to within 250 ms for 4 Hz, including using parallel computing techniques, such as GPU technology.

In this predictive strategy, a high correlation between the diaphragm and tumor motions was assumed, which is often true for a lung or liver tumor that is located near the diaphragm (25–27). If a tumor is away from the diaphragm, its motion amplitude should be only a fraction of that of the diaphragm. Therefore, the tumor volume can be found with an acceptable tolerance when the diaphragm position has a precise match. As the diaphragm is a large object, uncertainties in its position determination are present (28). The sub-mm COM accuracy results have validated the assumption and method of segmenting the diaphragm used in this study. Clinically, if a tumor volume is sufficiently large, the tumor motion trajectory waveform can be directly measured using the same image processing tool on TR-4DMRI images. Clinically, the tumor trajectory from the 2D BEV cine can be also used as the motion of the day (Figure 1). Therefore, the error from the imperfect diaphragm–tumor correlation is eliminated, and more accurate identification and projection of tumor volume can be achieved.

Breathing irregularities have been observed and investigated during radiotherapy treatment in comparison with the motion assessment at the simulation (29, 30). Therefore, the TR-4DMRI library may need more images under some “abnormal” breathing conditions, including slightly deeper breathing. Therefore, the TR-4DMRI library represents more possible variations, ensuring the finding of a motion-matched and hysteresis-compensated tumor volume for projection onto the 2D BEV cine image.

Currently, the 2D BEV cine approach with projected tumor volume has only been tested for motion monitoring of peripheral lung cancer; it remains a challenge for centrally located lung tumor, liver, and pancreatic cancer, for which the image contrast between tumor and surrounding normal tissue may not be as clear, making the automatic tumor delineation difficult, even for MR imaging with high soft-tissue contrast. Therefore, further investigation is needed to assess the feasibility of other disease sites.




Conclusion

This study has demonstrated an improved 2D BEV cine approach for MR-guided IMRT with minimal computation latency, ability to compensating for respiratory hysteresis, and the feasibility for MR-guided VMAT. The predictive method can achieve sub-mm accuracy to determine the diaphragm position, tumor position, and tumor projection for the next frame of the 2D BEV cine image. The AR algorithm outperforms the LSTM algorithm in the next-frame motion prediction at both 4- and 8-Hz 2D BEV cine frame rates. The potential respiratory hysteresis effect on tumor shape between inhalation and exhalation is accounted for by checking motion direction and using corresponding TR-4DMRI libraries. This approach allows real-time assessment of beam-to-tumor conformality for respiratory gating or tracking during IMRT or VMAT treatments. With further clinical testing, this 2D BEV cine approach has strong potential to serve as optimal personalized imaging guidance in current MR-guided IMRT or future VMAT treatments.
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Objective

The present study aimed to evaluate the feasibility of sub-volume segmentation for radiotherapy planning of adult non-enhancing low-grade gliomas (NE-LGGs) guided by three-dimensional arterial spin labeling (3D-ASL). The differences in high- and low-perfusion areas of NE-LGGs were analyzed using multi-sequence magnetic resonance imaging (MRI) radiomics.



Methods

Fifteen adult patients with NE-LGGs were included in the study. MR images, including T1-weighted imaging (T1WI), T2 Propeller, T2 fluid-attenuated inversion recovery (T2 Flair), 3D-ASL, and contrast-enhanced T1WI (CE-T1WI), were obtained. The gross tumor volume (GTV) was delineated according to the hyperintensity on T2 Flair. The GTV was divided into high- and low-perfusion areas, namely GTV-ASL and GTV-SUB, respectively, based on the differences in cerebral blood flow (CBF) value. The volumes and CBF values of high- and low-perfusion areas were measured and compared. The least absolute shrinkage and selection operator (LASSO) regression was used to select the optimal features of all MR maps. Receiver operating characteristic (ROC) curve analysis was used to evaluate the diagnostic accuracy of the absolute CBFmean (aCBFmean), relative CBFmean (rCBFmean, normalized by the CBF value of the normal gray matter), and screened features in differentiating high- and low-perfusion areas.



Results

Among the enrolled patients, three (20%) patients with NE-LGGs showed focal intra- and post-radiotherapy contrast enhancement within a prior high-perfusion area of 3D-ASL. The volume ratio of the GTV-ASL to the GTV was (37.08% ± 17.88)% (46.26 ± 44.51 vs. 167.46 ± 209.64 cm3, P = 0.000). The CBFmean in the high-perfusion area was approximately two times of that in the edema area or normal gray matter (66.98 ± 18.03 vs. 35.19 ± 7.75 or 33.92 ± 8.48 ml/100g/min, P = 0.000). Thirteen features were screened, seven of which were extracted from 3D-ASL. The area undercurve (AUC) values of aCBFmean, rCBFmean, and firstorder_10Percentile from 3D-ASL were more than 0.9, of which firstorder_10Percentile was the highest. Their cut-off values were 44.16 ml/100 g/min, 1.49 and 31, respectively.



Conclusion

The difference in blood perfusion in the GTV can be quantified and analyzed based on 3D-ASL images for NE-LGGs, which could guide the sub-volume segmentation of the GTV. 3D-ASL should become a routine method for NE-LGGs during simulation and radiotherapy.





Keywords: low-grade gliomas, non-enhancing, sub-volume segmentation, three-dimensional arterial spin labeling, radiomics



1 Introduction

Low-grade gliomas account for approximately 15% of all gliomas, which are the most common primary brain tumors in adults (1, 2). Non-enhancing LGGs (NE-LGGs) are a special type of LGGs. These NE-LGGs were not enhanced on conventional enhanced computed tomography (CT)/magnetic resonance imaging (MRI). Their blood vessel wall composition is similar to that of brain-healthy tissue, with a complete blood-brain barrier. Macromolecules used for tumor enhancement cannot pass through the blood-brain barrier to enhance these lesions. Therefore, the lesions show low density on enhanced CT and T1 hypointensity and T2 hyperintensity on enhanced MRI [the manifestation of edema (3, 4)]. Eichberg et al. (5) showed that approximately 20% of gliomas were not enhanced, of which more than 70% were LGGs. LGGs enhanced as commonly as they lacked enhancement (6).

Radiotherapy is an effective treatment for NE-LGGs. At present, the abnormal hyperintensity (edema area) on T2 fluid-attenuated inversion recovery (T2 Flair) is usually used as the standard for delineating the tumor target volume, which often makes the gross tumor volume (GTV) too large. The tumor boundary of NE-LGGs is difficult to identify in conventional imaging, and the blood flow and metabolism of the tumor are significantly different from those of the brain tissue in the edema area in biology (7). Quantifying this difference through functional imaging can clarify the distribution of tumor cell enrichment areas, which could guide the delineation of target volume during radiotherapy. Commonly functional imaging requires intravenous administration of a contrast agent and is therefore somewhat limited.

One method of obtaining perfusion contrast without the need for an external contrast agent is three-dimensional arterial spin labeling (3D-ASL), which generates an image by magnetically labeling water protons of arterial blood as an endogenous tracer. It is not influenced by the destruction of the blood–brain barrier and can reflect microscopic changes such as tissue blood perfusion and micro-vessel density (8, 9). ASL is attractive as not only is a contrast agent application not required, but cerebral blood flow (CBF) can also be quantified in absolute values [ml/min/100 g brain tissue (10)]. Some studies have shown that CBF obtained by ASL perfusion imaging has a significant positive correlation with micro-vessel density (ρ = 0.567) and the expression of vascular endothelial growth factor (r = 0.604) and a significant negative correlation with survival (r = -0.714). Multivariate regression analysis showed that CBF was an independent risk factor for overall survival [OS; HR = 1.028, 95% CI: 1.005–1.051, P = 0.010 (11, 12)]. ASL has been used to guide stereotactic biopsy and operation for glioma. Jin et al. (13) showed that compared with conventional MRI, combined magnetic resonance spectroscopy (MRS) and ASL improved the accuracy of target selection for the stereotactic biopsy of intracranial tumors, especially in three cases, each of low-enhancing and non-enhancing gliomas. Lindner et al. (14) concluded that intraoperative arterial spin-labeling was a feasible, reproducible, and reliable tool to map CBF in brain tumors and seemed to give beneficial information compared to conventional intraoperative MRI in partial resection.

The quality of ASL-derived perfusion maps has reached a level that makes the method useful for many clinical and research applications. A consensus white paper regarding recommended implementation of arterial spin-labeled perfusion MRI for clinical applications has been established, in which pseudo-continuous labeling and a segmented 3D readout were recommended (15). 3D-ASL perfusion imaging can effectively differentiate intracranial tumors from non-neoplastic lesions (16). It has been widely used in diagnosing, grading, and the efficacy evaluation of gliomas (17, 18). However, few reports are on its application in guiding the delineation of radiotherapy targets for NE-LGGs. Thus, we segmented the sub-volume based on the perfusion difference of the GTV in 3D-ASL for radiotherapy planning of NE-LGGs. Radiomics is an emerging technique that can provide more detailed quantification in multi-sequence MR studies. It is also defined as the conversion of images to higher-dimensional data and the subsequent mining of that data. We also analyzed the characteristic differences of high- and low-perfusion areas of NE-LGGs using multi-sequence MRI radiomics and obtained the steady characteristics that could distinguish high- and low-perfusion areas of NE-LGGs. It provides a reference for the clinical definition of radiotherapy target for patients with NE-LGGs and lays a theoretical basis for precision radiotherapy.



2 Materials and Methods


2.1 Patients

This retrospective study was approved by the Institutional Review Board of Shandong Cancer Hospital and informed consent forms were obtained from all patients prior to enrollment. Fifteen adult patients with pathologically confirmed glioma from Shandong Cancer Hospital were analyzed between December 2018 and May 2021. Patients showed nonenhancement on diagnostic brain MRI that strongly suggested a diagnosis of World Health Organization (WHO) grade I or II glioma. Radiological studies performed on the patients were accessed by two Neuroradiologists from Picture Archiving and Communication Systems (PACS). WHO grading was reviewed by three neuropathologists according to the fifth edition of the WHO Classification of Tumors of the Central Nervous System [WHO CNS5 (19)]. Patient characteristics are presented in Table 1. All enrolled patients received radical radiotherapy with 45–60 Gy in 1.8–2.0 Gy fractions. All but three patients received concurrent temozolomide chemotherapy.


Table 1 | Clinical characteristics of all patients.





2.2 MRI Protocol


2.2.1 Before Radiotherapy

MRI was performed on a 3.0-T superconducting MR scanner (Discovery 750W, GE Healthcare, USA) equipped with an 8-channel head coil. The head of a patient was fixed with a thermoplastic film. A series of MRI sequences, including T1-weighted imaging (T1WI), T2 Propeller, T2 Flair, 3D-ASL, and contrast-enhanced T1WI (CE-T1WI), were performed for each patient with a slice thickness of 3 mm and no interslice gap width. The common parameters of these sequences are shown in Table 2. For CE-T1WI, gadopentetate dimeglumine was power-injected at doses standardized according to the patient’s body weight (0.2 ml/kg) at 2 ml/s, and the scan was started at 3–5 min after injection.


Table 2 | The common parameters of MRI sequences.





2.2.2 3D-ASL Data Acquisition and Post-Processing

Set the labeling plane on the neck in advance and use pseudo-continuous labeling, image acquisition with single-shot gradient-echoecho planar imaging (EPI), labeling duration = 1,500 ms, post-labeling delay (PLD) time = 2,025 ms, the number of excitation (NEX) = 3. The scan time was approximately 4.5–5 min. The parameter values of repetition time (TR), echo time (TE), field of view (FOV), matrix, and flip angle are shown in Table 2. Control/label and calibration images were acquired. For measurement of the magnetization of arterial blood and also for segmentation purposes, an M0 calibration image was acquired separately with the same geometry and the same imaging parameters as the ASL without labeling. Background suppression technology was used in the process of image acquisition to reduce physiological noise and motion artifacts. The quantitative CBF maps were generated automatically using GE FuncTool 4.7 software after scanning based on the following equation (21):

	

Where λ is the brain/blood partition coefficient in ml/g, SIcontrol and SIlabel are the time-averaged signal intensities in the control and label images respectively, T1,blood is the longitudinal relaxation time of blood in seconds, α is the labeling efficiency, SIPD is the signal intensity of a proton density-weighted image, τ is the label duration, and PLD is the post-labeling delay. The following parameters were used in this study: λ = 0.9, PLD = 2,025 ms, T1,blood = 1,650 ms, α = 0.85, and τ = 1,500 ms. The SIPD was calculated using echo planar imaging M0 images. A factor of 6,000 converts the units from ml/g/s to ml/100 g/min, which is standard in the physiological literature.



2.2.3 During Radiotherapy

At the 10th–15th radiotherapy, the patient again underwent MR scanning. MRI sequences, machine, and parameters were the same as before radiotherapy.




2.3 The Definition and Delineation of the Target Volume

Two senior radiologists used MIM Maestro software (version 6.8.8, USA) to delineate the target volume, which was then reviewed by a third senior radiologist. Axial T2 Flair sequences were used to contour the hyperintense signal abnormality as the GTV. The GTV-ASL was defined as a high-perfusion area under the guidance of a CBF map derived from 3D-ASL sequence that was free of cysts, necrosis, calcifications, hemorrhage, and large vessels. The GTV-SUB was the low-perfusion area of GTV, which was obtained by subtracting the GTV-ASL from the GTV. In addition, the boundary of target volume was also determined in conjunction with other conventional sequences such as T1WI, T2 Propeller, and CE-T1WI. Finally, the GTV-ASL and GTV-SUB were copied to the corresponding sequences (T1WI, T2 Propeller, T2 Flair, 3D-ASL, and CE-T1WI) to prepare for later feature extraction.



2.4 CBF Values Measurement

T2 Flair and 3D-ASL images were fused using rigid registration in a workstation with commercially available software (GE Healthcare, ADW 4.7, USA). According to the pseudo-color perfusion of 3D-ASL images, the regions of interest (ROIs) were set at the slice with the highest perfusion signal while avoiding areas of cysts, necrosis, calcifications, hemorrhage, and large vessels. The area of high perfusion was defined as ROI-T. Four ROIs were selected in the edema area around the high-perfusion area and defined as ROI-E. The ROI of brain tissue (ROI-N) was selected from the contralateral mirror gray matter of the lesion (the unilateral cerebral hemisphere) or normal gray matter of the leftinsulalobe (midline or widely diffuse distribution). The ROIs area of the peritumoral edema area and normal gray matter were 100–150 mm2. The absolute CBF values (aCBF), including maximum CBF values (CBFmax), minimum CBF values (CBFmin) and average CBF values (CBFmean) of the high-perfusion areas and CBFmean of the edema areas and normal gray matter, were measured, respectively. The CBF values of the high-perfusion area and edema areanormalized by that of normal gray matter (namely relative CBF values, rCBF) were also calculated to correct for age-dependent and patient-dependent variations of cerebral perfusion.



2.5 MR Images Data Pre-Processing

The pre-processing procedure was undertaken before features extraction, including co-registration, denoising, field bias correction, and resampling. All maps were firstly co-registered to T1WI anatomic images. Then, T1WI images were normalized to the Montreal Neurological Institute (MNI) space, which generated a transformed matrix from the native space to the MNI space. Each image was then spatially smoothed with a 6-mm full-width at a half-maximum Gaussian kernel to decrease spatial noise. In order to compensate for non-uniform intensity caused by field inhomogeneity, N4ITK MRI bias field correction was applied to each imaging study. Isotropic resampling to a voxel size of 1 × 1×1 mm3 was performed. All pre-processing was done using MATLAB 2020b software (MathWorks Inc., Natick, MA, USA, http://www.mathworks.com/products/matlab/).



2.6 Features Extraction

All images were transmitted into 3D slicer software (version 4.8.1, http://www.slicer.org,USA). The radiomics features of the GTV-ASL and GTV-SUB mapping areas from five different MR sequences (T1WI, T2 Propeller, T2 Flair, 3D-ASL, and CE-T1WI) were extracted, including morphological features (n = 14), first-order features (n = 18), gray level co-occurrence matrix (GLCM, n = 24), gray level dependence matrix (GLDM, n = 14), gray level run length matrix (GLRLM, n = 16), gray level size zone matrix (GLSZM, n = 16), and neighborhood gray-tone difference matrix (NGTDM, n = 5). A total of 535 features were obtained.



2.7 Features Selection

Feature selection was conducted using python (version 3.8.8, https://www.python.org). Before the features selection process, all the features were normalized to the range of [0, 1] for standardization so that features of different orders of magnitude could be reasonably compared. The variance threshold method was performed to pre-process the features, which first calculated the variance of each feature and then removed features with a variance lower than 0.8 (22). The least absolute shrinkage and selection operator (LASSO) regression was used to select the optimal features. In order to avoid over-fitting, the parameters of the LASSO regression were tuned to select the key features from the high-dimensional feature space using five-fold cross-validation.

The LASSO regression is a shrinkage method that can actively select from a large and potentially multicollinear set of variables in the regression, resulting in a more relevant and interpretable set of predictors (23). LASSO performs via a continuous shrinking operation, minimizing regression coefficients in order to reduce the likelihood of overfitting; however, the technique is computed so as to shrink the sum of the absolute value of regression coefficients, forcing and producing coefficients that are exactly 0; thus, selecting for the nonzero variables to remain. The complexity of LASSO is controlled by λ. The larger λ is, the greater the penalty will be for the linear model with more variables and, finally, a model with fewer variables.



2.8 Statistical Analysis

SPSS (version 25.0, IBM, NY, USA) was used for statistical analysis. Paired t-test or Wilcoxon test was used to compare the target volumes and the CBF values, depending on the distribution defined by the Shapiro–Wilk normality test. Receiver operating characteristic (ROC) curve analysis was performed by using MedCalc Statistical Software version 20.010 (MedCalc Software Ltd, Ostend, Belgium; https://www.medcalc.org; 2021), which evaluated the diagnostic accuracy of the aCBFmean, rCBFmean and screened features in distinguishing high- and low-perfusion areas. Data was presented as mean ± standard deviation. All statistical tests were two-tailed, and a P value of <0.05 was considered to be significant. The flow chart of this study is shown in Figure 1.




Figure 1 | Flow chart of this study. (A, D), fusion images of T2 Flair and 3D-ASL; (B) T2 Flair image; (C, E), local magnification of (A, D), respectively.






3 Results


3.1 The Comparison of Target Volumes

The volumes of the GTV and GTV-ASL were 167.46 ± 209.64 cm3 and 46.26 ± 44.51 cm3, respectively. The volume ratio of the GTV-ASL to the GTV was (37.08% ± 17.88)% (Z = –3.408, P = 0.001, Wilcoxon test). The high-perfusion area of 3D-ASL did not exceed the abnormal hyperintense area (edema area) of T2 Flair for all patients.



3.2 CBF Values


3.2.1 Before Radiotherapy

The aCBF and rCBF values of sub-volumes before radiotherapy in all patients are shown in Table 3. The aCBFmean in the high-perfusion area was approximately two times of that in the edema area (t = 7.934, P = 0.000) or normal gray matter (t = 8.368, P = 0.000), but the CBFmean values were comparable between the edema area and normal gray matter (t = 0.495, P = 0.625).


Table 3 | The CBF values of sub-volume before radiotherapy (ml/100 g/min).





3.2.2 Comparison of CBF Values Before and During Radiotherapy

Six out of 18 patients underwent MR scanning again at the 15th–20th session of radiotherapy. Compared with those before radiotherapy, the CBFmax, CBFmin, and CBFmean of the high-perfusion area and the CBFmean of the edema area increased by (12.47 ± 46.35)%, (6.55 ± 28.52)%, (11.46 ± 22.13)%, and (6.44 ± 29.65)%, respectively, and the CBFmean in normal gray matter decreased by (5.07 ± 11.76)%. But there was no significant difference in all changes (P > 0.05). Table 4 shows the details of CBF values.


Table 4 | CBF values before and during radiotherapy (ml/100 g/min).






3.3 Features Selection

A total of 298 features were retained after screening by the variance threshold method, including 63 features in T1WI, 61 features in CE-T1WI, 56 features in 3D-ASL and 59 features in each of T2 Propeller and T2 Flair, respectively. Based on the LASSO regression, 13 steady features were screened out of the 298 features to differentiate high-and low-perfusion areas. The minimum criteria for five-fold cross-validation were applied during λ selection. The misclassification error was generated versus λ, as shown in Figure 2. As λ was equal to 0.04484, which was defined as the optimal λ value with a minimal misclassification error, only 13 features, potentially the most contributing to differentiating high-and low-perfusion areas, remained in the model. Further, 7 out of 13 features were derived from 3D-ASL, as shown in Figure 3.




Figure 2 | Tuning parameter (λ) selection in the LASSO regression.






Figure 3 | The coefficients of screened features using the LASSO regression.





3.4 ROC Curve Analysis

The area under curve (AUC) values of the aCBFmean and rCBFmean were 0.954 and 0.934, respectively. The cut-off values of aCBFmean and rCBFmean were 44.16 ml/100 g/min and 1.49, which yielded 92.86% sensitivity and 92.86% specificity. The AUC value of firstorder_10Percentile from 3D-ASL was 0.990, which was the highest among the 13 remaining features and higher than that of the aCBFmean and rCBFmean. The feature with a cut-off of 31 yielded 92.86% sensitivity and 100% specificity. The ROC curve is shown in Figure 4.




Figure 4 | Receiver operating characteristic (ROC) curves.





3.5 Spatial Distribution Between Post-Treatment Focal Contrast Enhancement and Prior High-Perfusion Area

In this study, 3 out of 15 patients (20%) with high-perfusion in 3D-ASL prior to radiotherapy showed new gadolinium contrast enhancement on MRI assessment during radiotherapy or at 3 months post-radiotherapy (Figures 5, 6).




Figure 5 | A 74-year-old patient with non-enhancing low-grade glioma (WHO grade II astrocytoma) showed focal contrast enhancement within a prior non-enhanced and high-perfusion area at 20 sessions of radiotherapy (40 Gy). (A) Planning plain-CT image. (B) Contrast-enhanced T1-weighted imaging (CE-T1WI) before radiotherapy. (C) T2 fluid-attenuated inversion recovery (T2 Flair) image before radiotherapy. (D) Three-dimensional arterial spin labeling (3D-ASL) image before radiotherapy. (E) CE-T1WI at 20 sessions of radiotherapy. (F) Fusion image of (D, E).






Figure 6 | A 62-year-old patient with non-enhancing low-grade glioma (WHO grade II astrocytoma) showed focal post-radiotherapy contrast enhancement within a prior non-enhanced and high-perfusion area at 3 months following radiotherapy. The patient had clinical symptoms such as weakness of the right lower limb, considering the tumor progression. (A) Planning contrast-enhanced CT (CE-CT) image. (B) Contrast-enhanced T1-weighted imaging (CE-T1WI) before radiotherapy. (C) T2 fluid-attenuated inversion recovery (T2 Flair) image before radiotherapy. (D) three-dimensional arterial spin labeling (3D-ASL) image before radiotherapy. (E) CE-T1WI at 3 months following radiotherapy. (F) Fusion image of (D, E).






4 Discussion

Most LGGs inevitably develop into high-grade malignant gliomas, and even with effective treatment, the survival rate of patients with LGGs remains poor (24, 25). Tom et al. (26) showed that the incidence of malignant transformation of LGGs was 17%, and the median OS time after malignant transformation was only 2.4 years. As a special type of LGGs, NE-LGGs show no enhancement on CT and MR. If the edema area is used as the main standard for GTV delineation, there will be great blindness. The research of Jakola et al. (27) showed that the blood–brain barrier was destroyed after the malignant transformation of NE-LGGs, and the enhanced area was much smaller than the edema area. Moreover, Tatekawa et al. showed that Flair hyperintense volume for IDH wild-type gliomas showed no significant association with OS (28). If the edema area is defined as the GTV of NE-LGGs, which can ensure the radiation dose coverage of tumor, the radiation damage risk to the surrounding healthy tissues will be increased due to the large.

Dynamic susceptibility contrast (DSC)-MRI, CT perfusion imaging, single-photon emission tomography (SPECT), and H2[15O] positron-emission tomography (PET) measure perfusion by dynamic imaging of the passage of a contrast agent. The physical basis of ASL offers its greatest advantage over traditional contrast bolus techniques: it is non-invasive. ASL does not require a gadolinium-based tracer, eliminating the risk of nephrogenic systemic fibrosis in patients with renal dysfunction (29). ASL is also favorable for pediatric populations as it avoids the technical difficulties and ethical problems of contrast agents and radiation exposure with CT and nuclear medicine techniques (30). In addition, ASL MRI has been extensively validated against other methods that use exogenous contrast agents, such as 15O-PET, and ASL implementations are now commercially available on all major MRI platforms, with demonstrated reproducibility in multi-center studies (31–34). Thus, we conducted a sub-volume segmentation for the GTV of NE-LGGs based on the CBF perfusion difference derived from 3D-ASL.

Our study found that the lesions of all patients showed no enhancement on CE-T1WI, while hyperintensity on T2 Flair and high local perfusion on 3D-ASL were observed. The local high-perfusion area was within the edema area. The analyses of target volumes revealed that the volume of the GTV-ASL (high-perfusion area) was significantly smaller than the GTV. Wyss et al. (35) studied the spatial heterogeneity between the uptake of 18F-fluoroethyl tyrosine (18F-FET) and CBF. The results showed that the volumes of increased CBF and 18F-FET uptake spatially coincided and were correlated (rho = 0.944), and the increase in CBF was more confined to the tumor center. This was similar to the spatial relationship between abnormal hyperintensity on T2 Flair (edema area) and high local perfusion on 3D-ASL for NE-LGGs in this study. Hayes et al. (36) studied the effect of 18F-FET PET on the radiotherapy plan of patients with suspected unenhanced glioblastoma. The results showed that the biological tumor volume of 18F-FET was greater than the GTV of conventional MRI, which may reduce the risk of tumor omission. The high cost of amino acids for PET limits its wide application in clinical settings, and exogenous tracers are used in PET, which may increase the risk of allergy and renal injury. However, 3D-ASL can make up for these deficiencies.

Local control failure is the main reason for the treatment failure of LGGs. In traditional radiotherapy, most LGGs relapse at the site of the primary tumor after radiotherapy (37, 38). This may be related to insufficient radiation dose or excessive dose to the surrounding healthy tissues due to a very large target area, which limits the radiation dose of the central tumor. Most of the tumors in this study were located in the midline (thalamus, brainstem, or cerebellum) or bilateral (widely diffuse distribution), accounting for approximately 53%, but the volume of the local high-perfusion area was significantly smaller than that of the edema area. The reduction of the target volume can avoid the damage of high-dose radiotherapy to the surrounding healthy tissues, especially for patients whose tumors are located in important functional areas such as the midline or whose lesions are diffusely distributed, which will provide a basis for us to further improve the targeted dose for the sub-volume of high perfusion.

In the present study, the CBFmean values were comparable between the peritumoral edema area and normal gray matter. 3D-ASL can differentiate between invasive and non-invasive peritumoral edema; hence, the infiltration area of tumor for NE-LGGs shows high local perfusion, while the edema area around the high-perfusion area is the non-invasive area of angiogenic edema or gliosis, and its CBF value is equivalent to that of surrounding healthy tissue (39). The present study found that the CBFmean of the GTV-ASL was approximately twice that of the GTV-SUB or normal gray matter. Khashbat et al. (40) measured the tumor blood flow (TBF) of 6 non-enhancing low-grade astrocytomas. The results showed that the ratio of TBFmean to CBFmean of brain-healthy tissue was 0.88 ± 0.41, but the region of interest was delineated based on T2WI, and the TBF was measured after mapping to ASL. In fact, the TBF included the CBF of the tumor and the edema area. Our study, however, divided the GTV into high- and low-perfusion areas based on the perfusion difference in 3D-ASL, and measured the CBF values of sub-volume. Furthermore, the number of cases we enrolled was significantly more than that in their study.

This study compared the changes in CBF before and after radiotherapy. The results showed that compared with that before radiotherapy, the CBF values of tumor and edema area increased, while that of normal gray matter decreased after radiotherapy. Calmon et al. (41) studied the changes in CBF values for 43 children with diffuse intrinsic pontine gliomas before radiotherapy, after radiotherapy, treatment progress, and at the last follow-up. The results showed that the ASL-CBF value of all patients after radiotherapy was significantly higher than that before radiotherapy (P < 0.001). Petr et al. (42) showed that the perfusion of brain-healthy tissue decreased by -9.8% ± 20.9% (P = 0.032) after radiotherapy. Our results are consistent with the trend of CBF noted in these studies.

It is difficult for conventional MRI to identify the nonenhanced tumor or the micro-invasive lesion around the enhanced tumor, but the microscopic differences between the tumor and the peritumoral edema area can be found by imaging radiomics. Yan et al. (43) reported that multimodal MRI radiomics could show different characteristics in the potential progression area of preoperative MRI of glioblastoma. We found that there were significant features in the high- and low-perfusion areas of NE-LGGs after analyzing the features of multi-sequence MRI. The ROC curve analysis was also used in this study, which found that the diagnostic accuracy of the aCBFmean, rCBFmean and firstorder_10Percentile from 3D-ASL in differentiating the high- and low-perfusion areas were more than 0.9, of which firstorder_10Percentile was the highest. Therefore, the combination of radiomics features may be helpful in distinguishing the non-enhanced tumors and peritumoral edema of NE-LGGs. And the optimal cut-off values of aCBFmean and rCBFmeanweredetermined as 44.16 ml/100 g/min and 1.49, respectively, which lay the foundation for further research on the threshold determination of sub-volume based on 3D-ASL in the future.

In this study, one patient showed no enhancement in CE-T1WI before radiotherapy, but the new enhancement appeared after 20 sessions of radiotherapy (the irradiation dose was 40 Gy). Cao et al. (44) showed that in the non-enhanced tumor region, contrast uptake increased significantly after the receipt of approximately 10 Gy of irradiation (P < 0.01), and reached the maximum after the receipt of approximately 30 Gy of irradiation, while the healthy brain showed only nonsignificant changes during and after irradiation. The blood-tumor barrier was more sensitive to radiation; this finding was similar to the results of the present study. Moreover, three patients with NE-LGGs showed the new gadolinium contrast enhancement after radiotherapy in this study, which was consistent with the high-perfusion area of 3D-ASL before radiotherapy, especially in one patient who showed tumor progression. This finding suggests that 3D-ASL is helpful in identifying the infiltration areas of non-enhanced tumors for NE-LGGs.

Our study has some limitations. CBF was initially measured using the general kinetic model, an adaptation of the ASL model described by BUXTON et al. (21). The imperfection of the quantification model and the uncertainty and potential errors of 3D-ASL measured CBF due to the prolonged transit delay between the tagging region and the imaging slice, influenced sub-volume segmentation. Furthermore, GTV and GTV-ASL segmentation was linked to inter-and intra-observer experience and condition.Finally, the sample size was not large enough, and the data had a large degree of dispersion. The next step is to increase the number of cases and apply 3D-ASL to radiotherapy planning to further evaluate the value of this technique in radiotherapy.



5 Conclusion

The difference in blood perfusion in the GTV can be quantified and analyzed based on 3D-ASL images for NE-LGGs, which guided the sub-volume segmentation of the GTV. The differences between high-and low-perfusion areas in GTV can be identified by multi-sequence MR radiomics features. 3D-ASL should be used as a routine method for NE-LGGs during simulation and radiotherapy, especially if the contrast agent cannot be injected or when contrast enhancement is uncertain.
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Purpose

Tumor voxel dose–response matrix (DRM) can be quantified using feedback from serial FDG-PET/CT imaging acquired during radiotherapy. This study investigated the dynamic characteristics and the predictive capability of DRM.



Methods

FDG-PET/CT images were acquired before and weekly during standard chemoradiotherapy with the treatment dose 2 Gy × 35 from 31 head and neck cancer patients. For each patient, deformable image registration was performed between the pretreatment/baseline PET/CT image and each weekly PET/CT image. Tumor voxel DRM was derived using linear regression on the logarithm of the weekly standard uptake value (SUV) ratios for each tumor voxel, such as SUV measured at a dose level normalized to the baseline SUV0. The dynamic characteristics were evaluated by comparing the DRMi estimated using a single feedback image acquired at the ith treatment week (i = 1, 2, 3, or 4) to the DRM estimated using the last feedback image for each patient. The predictive capability of the DRM estimated using 1 or 2 feedback images was evaluated using the receiver operating characteristic test with respect to the treatment outcome of tumor local–regional control or failure.



Results

The mean ± SD of tumor voxel SUV measured at the pretreatment and the 1st, 2nd, 3rd, 4th, and last treatment weeks was 6.76 ± 3.69, 5.72 ± 3.43, 3.85 ± 2.22, 3.27 ± 2.25, 2.5 ± 1.79, and 2.23 ± 1.27, respectively. The deviations between the DRMi estimated using the single feedback image obtained at the ith week and the last feedback image were 0.86 ± 4.87, −0.06 ± 0.3, −0.09 ± 0.17, and −0.09 ± 0.12 for DRM1, DRM2, DRM3, and DRM4, respectively. The predictive capability of DRM3 and DRM4 was significant (p < 0.001). The area under the curve (AUC) was increased with the increase in treatment dose level. The DRMs constructed using the single feedback image achieved an AUC of 0.86~1. The AUC was slightly improved to 0.94~1 for the DRMs estimated using 2 feedback images.



Conclusion

Tumor voxel metabolic activity measured using FDG-PET/CT fluctuated noticeably during the first 2 treatment weeks and obtained a stabilized reduction rate thereafter. Tumor voxel DRM constructed using a single FDG-PET/CT feedback image after the 2nd treatment week (>20 Gy) has a good predictive capability. The predictive capability improved continuously using a later feedback image and marginally improved when two feedback images were applied.





Keywords: FDG-PET/CT imaging feedback, tumor voxel dose–response DRM, dynamic characteristics and predictive capability, adaptive dose painting, adaptive radiotherapy



Introduction

Mounting evidence has revealed that genetic and phenotypic variations exist between tumors and within each of the individual tumors (1–3). These variations result in considerable inter-tumoral and intra-tumoral heterogeneities of dose–response to radiotherapy, significantly impacting patient clinical outcomes (4–8). Therefore, targeting individual tumor heterogeneity of dose–response using a spatially non-uniform treatment dose distribution has been suggested and clinically feasible to personalize radiotherapy treatment and improve patient therapeutic ratio (9–14).

Tumor treatment response to radiation is influenced by many biological factors and changes in the tumor microenvironment (15). Most of these factors are unknown before treatment and modified dynamically during the treatment course. Tumor radiosensitivity has been estimated before treatment using in vitro clonogenic assay (16–18) or a linear regression model derived from the specific gene expressions (19–21). However, these methods can only measure the tumor intrinsic cellular radiosensitivity and could not be utilized to assess intra-tumoral treatment dose–response modified by tumor cell repopulation (22–24), reoxygenation (25–28), reactivation of immune response (29, 30), etc. There have been different methods to assess intra-tumoral treatment dose–response at the tumor voxel level using biological imaging feedback, i.e., acquiring PET or MR images during the treatment course (8, 14, 31–37).

Treatment feedback images have the potential to explore dynamic features of cellular activities in tumors during the treatment course, which could guide us to select the most efficient and reliable time points to quantify and estimate treatment dose–response for clinical therapeutic decisions. Most importantly, quantified intra-tumoral dose–response will guide the design of heterogeneity treatment doses to maximize the therapeutic ratio (14). In this study, serial weekly fluoro-2-deoxyglucose (FDG)-PET/CT feedback images were used to evaluate the dynamic characteristics of tumor voxel treatment response with respect to different treatment dose levels. The predictive capability of tumor voxel treatment dose–response was studied to determine the time points and minimal numbers of imaging feedback.



Methods and Materials


Patient Image Data and Preprocessing

The investigated patients were enrolled in an investigator-initiated clinical trial entitled “a prospective, non-randomized trial evaluating the utility of adaptive radiotherapy in the management of locally advanced head and neck squamous cell carcinomas (HNSCC) patients.” The trial was approved (IRB 2012-100) by the Hospital Review Board. In the protocol, pretreatment and weekly FDG-PET/CT imaging was planned for each patient. However, due to different clinical reasons, a number of protocol patients missed their weekly imaging partially. Thirty-one patients who had pretreatment PET/CT images and at least 3 weekly treatment PET/CT images obtained during the first 4 treatment weeks were selected for the present study. Four of 31 patients had experienced biopsy-proven local failure. The median (range) follow-up time is 23 (7~52) months. The details of the tumor characteristics are listed in Table 1.


Table 1 | Tumor characteristic.



PET/CT scans were performed on the patients 90 min after injection with 4 MBq/kg of FDG acquired in the treatment position with an immobilization mask in place using a time-of-flight Gemini TF Big Bore PET/CT scanner (Philips Medical Systems, Cleveland, OH, USA). PET images were reconstructed using the blob-ordered subsets–time-of-flight reconstruction algorithm with a voxel size of 4 × 4 × 4 mm (3). All treatments were prescribed to deliver a 2-Gy daily dose to the gross tumor volume (GTV) for 35 fractions using intensity-modulated radiation therapy or volumetric modulated arc therapy followed by the online cone-beam CT imaging-guided target position localization. Standard uptake value (SUV) of each PET voxel was calculated by normalizing the average activity concentration to the injected FDG dose per unit body weight with decay correction (38). Tumors manifested on the pretreatment PET/CT images were contoured based on a fixed SUV threshold (=2.5) and modified, if necessary, to exclude air cavities and bony structures. For a tumor that could not be delineated entirely using the cutoff SUV value due to tissue (most likely tongue) inflammation adjacent to the tumors, it was manually adjusted to the clinically used GTV boundary.



Image Registration and Evaluation

The mean ± SD of tumor volume reduction of the 31 patients was 20% ± 18.1% at the 4th treatment week. Therefore, deformable image registration (DIR) was used to account for the tumor shrinkage in the analysis of the tumor voxel dose–response. For each patient, all weekly PET/CT feedback images were registered to the pretreatment PET/CT image using a hybrid biomechanical based DIR method (39), which includes 2 steps: 1) determine tumor boundary following an image intensity-based DIR method (ADMIRE, v1.12, Elekta Inc.) and 2) regulate the intra-tumoral mesh distribution based on finite element method.

The core of the intensity-based DIR algorithm is a local-correlation-coefficient-based dense non-linear registration algorithm with a regularization term defined as the L2 norm of the first-order spatial derivative of the displacement vector field (DVF). Previous studies have demonstrated that the intensity-based DIR achieved high accuracy for most organ boundary registration of head and neck cancer patients with the Dice similarity coefficient (DSC) ≥0.85 between the contours generated by the registration and by manual delineation (40). However, the voxel-wise displacement accuracy of image intensity-based DIR could be limited within a tumor due to the lack of distinctive image features on CT images. Therefore, the finite element method was used to correct the potential irregular displacements in tumors based on the soft-tissue mechanical characteristic. Our earlier bio-tissue phantom study has demonstrated that the uncertainty of the biomechanical-based registration, most likely, was within 4 mm (or a PET voxel size) in tumors (41). The effect of the registration uncertainty on tumor voxel dose–response assessment has been studied (42).

In this study, the tumor contours generated using the DIR on the feedback images obtained at the 2nd and 4th treatment weeks were compared to the ones manually delineated by experienced physicians. The DSC and the mean surface distance were used to evaluate the tumor boundary registration. The physical plausibility of the DVFs was evaluated using the Jacobian determinant. The Jacobian value describes the local volume change of a tumor voxel after deformation. A Jacobian value = 0.9 indicates 10% volume contraction for the tumor voxel. In comparison, 1.1 indicates a 10% volume expansion.



Tumor Voxel Dose–Response Matrix

Tumor voxel dose–response matrix (DRM) has been quantified using tumor voxel SUV ratio manifested on the pretreatment baseline and FDG-PET/CT treatment feedback images following the DIR (14). Briefly, the logarithm of tumor voxel SUV change ratio obtained during radiotherapy was modeled using a linear random process, as follows:

 

where the SUV0(v) and SUV(v, d) are the pretreatment baseline SUV and the SUV after receiving a treatment dose d for a tumor voxel v, respectively. A(v) represents the average slope of the logarithm SUV change ratio during treatment up to the treatment dose d or the systematic component of the random process, and ξ is the random component representing the discrepancy between the linear model and the actual measurement at each dose level. Considering the facts of temporal variations of tumor dose–response caused by tumor reoxygenation and growth during the treatment course, slope A could most likely be modified by the treatment dose. However, due to the limited number of feedback images available, it has been modeled simply using the average slope. Tumor voxel DRM was quantified numerically to match the standard tumor cellular radiosensitivity index, SF2, to the survival fraction in 2 Gy (14), as follows:

 

where k is the calibration factor and equals 0.063 determined based on the average SF2 obtained from in vitro cellular assay of human head and neck tumors (43). DRM value represents tumor cell survival/growth in a tumor voxel during treatment; 0 < DRM < 1 implies that cell killing in the tumor voxel is larger than growth; otherwise, ≥1.



Dose–Response Matrix Estimation

Different numbers of PET feedback images can be used to estimate the average slope A; thus, the DRM is based on Eqs. 1 and 2. Given a serial of SUVs of a tumor voxel v measured at different treatment dose levels, the average slope A can be determined using a least-squares method, as follows:

 

where the SUV(v, di) is the SUV on the ith feedback image obtained at least 12 h after receiving a treatment dose di, and N is the total number of feedback images being used. One can derive A(v) to be the “weighted average” of the logarithm SUV change ratios (details of derivation are in the Supplementary Material), as follows:

 

The later measurement has a larger weight. In principle, the more PET feedback images are used, the more reliable the estimation should be. However, a large number of feedback images would be clinically impractical at the present time due to the extensive cost, patient inconvenience, and extra workload. In addition, an early estimation will be helpful and provide more room for treatment adaptation. Therefore, DRM estimated using 1 or 2 feedback images obtained in the early treatment should be a reasonable choice for clinical implementations and was evaluated in this study.



Dose–Response Matrix Evaluation

Dynamic characteristics of tumor voxel dose–response were evaluated using a single PET feedback image acquired at different dose levels during the treatment course. For each patient, tumor voxel DRMi was constructed using the feedback image acquired at the ith treatment week, i = 1, 2, 3, or 4. In this study, the weekly feedback images were acquired within the (mean ± SD) dose range of (7.4 ± 1.8), (17.9 ± 1.8), (26.6 ± 3.9), and (39.1 ± 3.6) Gy. The DRMi was compared with the DRML constructed using the feedback image acquired in the last treatment week or within the dose range of (58 ± 9.1) Gy. DRML was used as a reference to evaluate the convergence feature of tumor voxel dose–response during treatment.

The predictive capability of DRM constructed using either 1 or 2 feedback images acquired during the first 4 treatment weeks was evaluated using the receiver operating characteristic (ROC) test with respect to the treatment outcome of local tumor control or failure. As described in a previous study (14), tumor voxel control or failure is highly dependent on two factors, tumor voxel baseline SUV0 (tumor cell burden in the voxel) and DRM (tumor cell dose–response in the voxel). Therefore, a 2-dimensional cutoff curve or boundary function on the tumor voxel (SUV0, DRM) domain can be used to test the sensitivity and specificity of tumor voxel control or failure. For each estimated DRM, a boundary function,  , was created on the tumor voxel (SUV0, DRM) domain to evaluate the sensitivity and specificity of tumor voxel control or failure. The constants a, b, and c in the BF were determined by maximizing the area under the curve (AUC) for all tumor voxels. Tumor voxels above BF were those voxels that are most likely to cause tumor local recurrences. Figure 1 shows a local control tumor and a local failure tumor with a BF superimposed on the (SUV0, DRM) domain. Given a treatment dose of 35 × 2 Gy, the true positive (TP) is defined such that a tumor will be locally controlled if the number of tumor voxels outside of the BF < n. The true negative (TN) is defined such that a tumor will be locally failure if the number of tumor voxels outside of the BF ≥ n. The false positive (FP) and the false negative (FN) are defined accordingly. The 95% CI of AUC was determined using the Delong method (44). The statistical significance of the AUC was determined using Mann–Whitney U-statistic (45), where the null hypothesis of AUC = 0.5. Due to the multiple tests performed in the study, the type I error rate would increase. Therefore, the conventional p-value of 0.05 for significance was adjusted to 0.002 based on the Bonferroni method (46). The sensitivity and specificity were determined by maximizing Youden’s index (47) (i.e., sensitivity + specificity − 1). Due to the imbalance of the patient dataset, F1 score = 2TP/(2TP + FP + FN) was also included in the evaluation. The predictive capability of tumor voxel DRM was compared with that of the conventional image features including maximum SUV (SUVmax), metabolic tumor volume (MTV), and total lesion glycolysis (TLG) obtained from the pretreatment PET image and the weekly PET feedback images. The MTV was defined as the volume of the tumor voxels with SUV > 2.5. The TLG was defined as the MTV times the mean of SUV for a tumor.




Figure 1 | Tumor voxel (SUV0, DRM) for a local control tumor (A) and a local failure tumor (B) with the boundary function,   (red curve). DRM and BF were constructed using the PET feedback image acquired during the 3rd treatment week. DRM, dose–response matrix.






Results

Figure 2 shows the tumor voxel SUV measured during the pretreatment and different treatment weeks during radiotherapy. The SUV declined noticeably from 6.76 ± 3.69 measured at pretreatment to 3.85 ± 2.22 measured at the 2nd treatment week. After that, the SUV continuously declined and became stabilized with a mean ± SD of 3.27 ± 2.25, 2.5 ± 1.79, and 2.23 ± 1.27 for the 3rd, 4th, and last treatment weeks, respectively.




Figure 2 | Standard uptake value (SUV) measured at the pretreatment, the 1st to 4th treatment weeks, and the last treatment week for all tumor voxels.



The mean ± SD of the DSC between the contours generated by the DIR and the one manually delineated by the physicians was 0.84 ± 0.06 on the week 2 feedback image and was 0.79 ± 0.08 on the week 4 feedback image. The mean surface distances were (1.66 ± 0.54) mm and (1.85 ± 0.63) mm for the week 2 and the week 4 feedback images. No negative Jacobian value was observed for all tumor voxels. Figure 3 shows the mean ± SD of the Jacobian values for individual patients. The Jacobian value was calculated from the DVFs obtained from the DIR performed between the pretreatment image and the week 2 and week 4 feedback images.




Figure 3 | The mean ± SD of the Jacobian value for individual patients calculated on the feedback images obtained at the 2nd (A) and the 4th treatment weeks (B).



A strong linear relationship between the logarithm tumor voxel SUV change ratio measured within the first 4 treatment weeks at the different treatment dose levels was identified. The mean ± SD of Pearson’s correlation coefficient was 0.91 ± 0.15 for all the 20,757 tumor voxels. As a comparison, the correlation coefficient between the tumor voxel SUV change ratio and treatment dose was lower (p-value <0.001, two-sample t-test) with the coefficient being 0.89 ± 0.18 for all tumor voxels. Figure 4 shows the measured logarithm SUV change ratios versus treatment dose and the linear model (red line) from Eq. 1 for those tumor voxels with the average dose–response DRM being 0.2, 0.4, 0.6, and 0.8, where the average DRM was determined using the first 4 weekly feedback images.




Figure 4 | Treatment dose versus logarithm standard uptake value (SUV) change ratio for tumor voxels with their average dose–response DRM being 0.2, 0.4, 0.6, and 0.8. Tumor voxel SUV change ratio = SUV(d)/SUV0, i.e., tumor voxel SUV measured at a given dose level d normalized to its baseline SUV0.



Figure 5 shows the relationship between tumor voxel DRM and tumor voxel SUV change ratio measured at different dose levels derived based on Eqs. 1 and 2. The slope of the curve decreased with the increase of the dose level. It implies that a DRM estimated at early treatment will be more sensitive to the errors in SUV measurement. Therefore, later DRM estimation will be more reliable.




Figure 5 | Relationship between SUV(d)/SUV0 and DRM for d = 10, 20, 30, 40, and 70 Gy.



Figures 6A–C shows the cumulative histograms of DRMs for all tumors, control tumors, and failure tumors, respectively. The distributions of DRMi for both control and failure groups converge gradually to DRML. Both control and failure groups have a certain number of resistant tumor voxels (e.g., DRM > 0.8), and their number gradually reduced during treatment due to reoxygenation. However, the percentage of the reduction for the failures remains smaller compared to the controls. For the controls, the percentage of tumor voxels with DRM > 0.8, V(DRM > 0.8), was 30.5%, 16%, 9.5%, and 3.6% for DRM1, DRM2, DRM3, and DRM4, respectively. For the failure patients, the corresponding V(DRM > 0.8) was 55.8%, 13.4%, 13.4%, and 7.7%. Figures 6C–E show the histogram of the deviation of the DRM, i.e., DRMi − DRML (i = 1, 2, 3, and 4), for different tumor groups. For the control patients, the mean ± SD of DRM deviation was 1.22 ± 3.67, −0.01 ± 0.34, −0.04 ± 0.17, and −0.01 ± 0.08 for the DRM1, DRM2, DRM3, and DRM4, respectively. For the failure patients, the corresponding DRM deviation was 0.71 ± 4.99, −0.08 ± 0.28, −0.12 ± 0.17, and −0.14 ± 0.12, indicating the systemic underestimation of tumor voxel resistance.




Figure 6 | (A–C) Cumulative histograms of the dose–response matrix (DRM) for all tumors, control tumors, and failure tumors. (D–F) Histograms of the DRM deviations = DRMi − DRML. DRMi = DRM estimated using the feedback image acquired at the ith treatment week; DRML = DRM estimated using the last treatment week feedback image.



Figure 7 shows the mean ± SD of the deviation between the DRML and each of the DRMs estimated using a single feedback image for the tumor voxels within each level of DRML. Figure 7A shows that the DRM2 has larger deviations as compared to the DRM3 and DRM4 for tumor voxels with respect to different levels of DRML in absolute value for all tumor voxels. In contrast, Figure 7B shows the relative deviations (%) decrease with the increase of the DRML level.




Figure 7 | The deviation between the DRM estimated using single weekly PET feedback image (DRM2, DRM3, and DRM4) and the DRML estimated using the last feedback image for tumor voxels with different DRML values in absolute term (A) and relative term (B).



Figures 8A, B show the pretreatment (SUV0) and ith treatment week (SUVi) for a local failure tumor. Figure 8C shows the 6-month posttreatment (post-Tx) FDG-PET/CT image. The locally high metabolic activity region (arrow) detected the recurrence position. Figure 8D shows the tumor voxel DRM estimated using a single weekly feedback image. The highly resistant areas (DRM > 1) on the DRMs, predicted using different weekly PET feedback images, appeared to be consistently close to the recurrence location.




Figure 8 | Standard uptake values (SUVs) measured at (A) the pretreatment (SUV0), (B) the ith treatment week (SUVi), and (C) the 6-month posttreatment. (D) The dose–response matrix (DRM) estimated using single feedback image for a patient (primary site: tonsil, stage IV, HPV−) who experienced local recurrence.



Table 2 shows the ROC test results for the DRMs estimated using different PET feedback images. For those DRMs estimated using a single feedback image, the predictive capability quantified by AUC was improved from 0.78 for DRM1 to 1.00 for DRM4. In contrast, the predictive capability of the DRMs estimated using 2 feedback images remains high, with AUC ≥ 0.95. The predictive capability of the FDG avidity or SUVmax remained relatively low. The AUCs for the maximum SUV were 0.61~0.77. Both MTV and TLG achieved a moderate predictive capability with the AUC being 0.74~0.81 and 0.77~0.93, respectively. There is no clear time trend for the predictive capability of SUVmax, MTV, and TLG. Tables 3–5 summarize the details of the ROC analysis for the SUVmax, MTV, and TLG measured at the pretreatment and different treatment weeks.


Table 2 | ROC results for the tumor voxel dose–response matrix (DRM).




Table 3 | ROC results for the maximum SUV (SUVmax).




Table 4 | ROC results for the metabolic tumor volume (MTV).




Table 5 | ROC results for the total lesion glycolysis (TLG).





Discussion

By utilizing tumor voxel SUV change ratio determined using serial FDG-PET/CT imaging feedback, tumor voxel dose–response can be predicted and combined with the pretreatment SUV to guide treatment dose adaptation (14). The previous study (8) has demonstrated that tumor voxel DRM assessed for head and neck squamous cell carcinoma (HNSCC) had very large intra- and inter-tumoral variations. The variation had similar numerical distribution to the variations of cellular intrinsic radiosensitivity index or in vitro SF2. In addition, the DRM index was found to strongly correlate with the expression of cancer stem cell biomarker CD44 for HNSCC patients (48). Tumor voxel DRM is a dynamic index that is constantly modified by the delivered radiation dose during treatment. Thus, DRMs, estimated using imaging feedback acquired at different treatment dose levels, could have different values reflecting the dynamic characteristic of radiation-induced tumor voxel dose–response. The current study demonstrated that the tumor voxel DRM became relatively stabilized after the 2nd treatment week (Figure 2) or the dose > 20 Gy (for 2 Gy per fraction treatment regimen). However, the stability was dependent on the DRM levels. For those of more resistant tumor voxels, i.e., DRM > 0.8, a larger variation could occur in the later treatment (Figure 7). Tumor voxel DRM estimated using either 1 or 2 feedback images acquired within the dose range of 30~40 Gy can predict tumor voxel dose–response and be used for treatment adaptation.

Tumor voxel DRM estimated using a single feedback image is most favorable in clinical practice. The estimated DRM was sensitive to the timing of the PET image feedback. The predictive capability of the DRM improved as the treatment dose level increased (Table 2). The feedback image acquired in the 1st treatment week or within the dose range of (7.4 ± 1.8) Gy had minimal predictive capability. The disadvantage of using a very early FDG-PET feedback imaging in tumor response assessment has been studied. A study reported that using the feedback image acquired at the 1st treatment week cannot predict histomorphological tumor response (49). Another study reported that there was an initial increase of FDG uptake in tumors after 6 Gy of radiation dose (50). These very early (dose ¾ 10 Gy) metabolic changes could be caused by the inflammatory and immune response in tumors, which obscures the changes in tumor glucose metabolism induced by therapeutic effects (50). The feedback image acquired at the 2nd treatment week had an improved predictive capability and reduced systematic deviation with respect to the DRML constructed in the latest treatment week. However, DRM estimated using the 2nd feedback image still has a larger deviation from the DRML compared to the one obtained at the 3rd or 4th treatment week (Figure 7). The single feedback image obtained within the 3rd or 4th treatment week was comparable with respect to the DRML (Figure 6). However, each of them has different advantages and disadvantages. Feedback image acquired within the 3rd treatment week will provide an early prediction and, thus, more room for clinical treatment adaptation. However, an earlier DRM estimation is more sensitive to the uncertainty in the DRM construction (Figure 5). Using Eqs. 1 and 2, one can derive the relationship between the uncertainty of tumor voxel SUV and DRM, as follows:

 

Thus, the uncertainty in DRM construction caused by the SUV uncertainty is inversely proportional to the treatment dose d. As an example, 5% of SUV variation will cause about 7.9% of DRM variation predicted at a dose of 20 Gy, compared to 5.3% at a dose of 30 Gy. Therefore, the time point of single imaging feedback acquired after the 2nd treatment week or >20 Gy faces a tradeoff between the early clinical decision on treatment adaptation and predictive reliability. One clinical option is to select the single feedback time point based on the minimal treatment dose required in a clinical dose painting protocol.

The predictive capability of tumor voxel DRM on treatment outcome of local–regional tumor failure or control was slightly improved when using 2 PET feedback images in the DRM estimation (Table 2). Meanwhile, the predictive capability was less sensitive to the timing of feedback imaging. Therefore, if the clinical workload is not a major concern, using 2 feedback images acquired between the end of the 2nd and 4th treatment weeks should be favorable to be used as guidance for target dose adaptation.

Various markers have been developed to predict tumor response to radiation for HNSCC patients. A gene expression profiling created from biopsies was proved to be of high predictive value on treatment outcomes (51, 52). Specific expression patterns of microRNA have been shown to predict therapeutic response in HNSCC patients (53, 54). In addition, as shown in this study and others (55–57), the SUVmax, MTV, and TLG obtained from a single FDG-PET image also had good predictive value on the treatment outcome. These markers are all useful in predicting treatment outcomes. However, the purpose of the study is not to demonstrate that the DRM can provide a better or equal prediction of treatment outcome than the other markers. The predictive capability quantified in the study was for evaluating the time point of image feedback for DRM construction. In fact, we used both the pretreatment SUV and DRM obtained from image feedback together to assess treatment outcome (14). Using both the pretreatment tumor voxel SUV, as a surrogate of tumor cell density in tumor voxel, and the tumor voxel DRM, as the radiosensitivity, to assess treatment outcome quantitatively also provides the spatial distribution of tumor voxel dose-efficacy. This important 3D information in tumors will be used to optimize dose distribution design for individual patients in adaptive treatment.

The major weakness of the study was that the patient cohort, especially the failure patient number, is relatively small. Therefore, the predictive capability of the patient outcome should be further validated by a larger patient cohort. To achieve a target power of 0.95, a future clinical trial will need at least 49 patients assuming the null hypothesis to be AUC = 0.5. Here, the target power was defined as the desired probability of rejecting a false null hypothesis. The patient number was estimated using a previously published method (58). Another weakness was the limited number of PET/CT feedback images for each patient used in the study. Due to different clinical reasons and because a number of patients missed 2 to 3 weekly feedback images required in the protocol, the dynamic characteristics of DRM could not be reliably explored.



Conclusions

Tumor voxel metabolic activity measured using FDG-PET/CT feedback images fluctuated noticeably during the first 2 treatment weeks and then became stabilized thereafter. Single FDG-PET/CT imaging acquired after the 2nd treatment week or the treatment dose >20 Gy is recommended to predict tumor voxel dose–response matrix in the current clinical practice. The time point of image feedback can be selected based on clinical application; later time points should be more reliable.
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Objectives

Setup error is a key factor affecting postmastectomy radiotherapy (PMRT) and irradiation of the internal mammary lymph nodes is the most investigated aspect for PMRT patients. In this study, we evaluated the robustness, radiobiological, and dosimetric benefits of the hybrid volumetric modulated arc therapy (H-VMAT) planning technique based on the setup error in dose accumulation using a surface-guided system for radiation therapy.



Methods

We retrospectively selected 32 patients treated by a radiation oncologist and evaluated the clinical target volume (CTV), including internal lymph node irradiation (IMNIs), and considered the planning target volume (PTV) margin to be 5 mm. Three different planning techniques were evaluated: tangential-VMAT (T-VMAT), intensity-modulated radiation therapy (IMRT), and H-VMAT. The interfraction and intrafraction setup errors were analyzed in each field and the accumulated dose was evaluated as the patients underwent daily surface-guided monitoring. These parameters were included while evaluating CTV coverage, the dose required for the left anterior descending artery (LAD) and the left ventricle (LV), the normal tissue complication probability (NTCP) for the heart and lungs, and the second cancer complication probability (SCCP) for contralateral breast (CB).



Results

When the setup error was accounted for dose accumulation, T-VMAT (95.51%) and H-VMAT (95.48%) had a higher CTV coverage than IMRT (91.25%). In the NTCP for the heart, H-VMAT (0.04%) was higher than T-VMAT (0.01%) and lower than IMRT (0.2%). However, the SCCP (1.05%) of CB using H-VMAT was lower than that using T-VMAT (2%) as well as delivery efficiency. And T-VMAT (3.72) and IMRT (10.5).had higher plan complexity than H-VMAT (3.71).



Conclusions

In this study, based on the dose accumulation of setup error for patients with left-sided PMRT with IMNI, we found that the H-VMAT technique was superior for achieving an optimum balance between target coverage, OAR dose, complication probability, plan robustness, and complexity.





Keywords: SGRT, H-VMAT, PMRT, IMNIs, biological models, setup error



Introduction

Radiation therapy is an integral part of the comprehensive treatment of breast cancer and has significantly improved the overall survival rate of breast cancer (1–6). But for left-sided breast cancer including internal lymph mammary nodes irradiation (IMNIs), the protection of the organs at risk (OARs) has always been the focus of discussion. An increase in cardiac, especially for the left anterior descending artery (LAD), significantly increases the incidence of ischemic heart disease (1–3). In a study, Darby found that for every 1Gy increase in the mean heart dose, the risk of coronary heart disease increases by 7.4% (1). For women receiving breast radiation therapy, the radiation pneumonitis (RP) of the ipsilateral lung is higher than that of the contralateral lung (4, 5). Fogliata (6) found that for young breast cancer patients, the radiation dose used for treating the contralateral breast (CB) might lead to long-term risks, and the incidence of secondary tumors is also affected by the dose received by the CB. Various techniques, including tangential-VMAT (T-VMAT), intensity-modulated radiation therapy (IMRT), and Hybrid-VMAT (H-VMAT) can reduce the dose of surrounding OARs in modern radiotherapy (7–9).

To determine the dose distribution of the target volume and the OARs during treatment, the setup error needs to be considered (10). Some of the methods used for evaluating the setup errors are based on the value obtained by performing CBCT (11), but these methods may not pay much attention to the interfraction setup error. In this study, we performed surface guided monitoring to obtain the intrafraction and interfraction setup error for analysis (12, 13), and then dose accumulation is performed to obtain a dose distribution for evaluating the robustness of all planning techniques. In some studies, dosimetry for left-sided breast cancer PMRT patients was compared to different planning techniques under dose distributions using setup uncertainty (12, 13), focusing on the evaluation of IMN included left-sided breast cancer based on biological models.

Furthermore, some studies have found that the parameters of these biological models can predict the effects of normal tissues (14–16). Compared to the parameters based on dosimetry, the parameters based on biological models are more directly related to complications and treatment endpoint events (17). This study also retrospectively compared three planning techniques associated with radiobiological effects, including the normal tissue complication probability (NTCP) and the second cancer complication probability (SCCP), considering setup error dose accumulation.



Method


Patient Selection

We selected 32 PMRT patients in the radiation therapy department at Peking University Shenzhen Hospital fromApril 2020 to September 2021 [Table 1]. The inclusion criteria were as follows: (1) Female patients over 18 years of age with left breast cancer who underwent PMRT; (2) Invasive diagnosis of cancer was confirmed by pathology; (3) Surgical margins were negative; (4) Who received chemotherapy and following pre-radiotherapy standards and guidelines.


Table 1 | Patient characteristics.





Treatment Planning Design

Free-breathing CT scan was performed from the level of the mandible to the lower abdomen on the SOMATOM Definition AS CT Scanner (Siemens Medical Solutions, Erlangen, Germany) with a slice thickness of 3 mm. The patients were immobilized on a customized vacuum bag in the supine position with arms placed above the head. The clinical target volume (CTV) and OARs for each patient were contoured by one radiation oncologist following the RTOG-1304 (18) guidelines and the RTOG Breast Cancer Atlas (18). CTV included the chest wall (CW), internal lymph mammary nodes (IMNs), and the axillary and supraclavicular lymph nodes. A 5 mm margin was added to the CTV to define as PTV, and the part that intersects the lung and heart was subtracted from the chest wall, but the 5 mm external expansion of IMNs was maintained (19). It is necessary to treat PMRT patients 10 times without bolus and 15 times with bolus in the treatment. However, in this study, only 25 times with bolus plan were evaluated. In the plan design, the PTV is expanded to the skin by 5 mm as an optimized condition for opening the MLC as much as possible. This was done following the procedure described in a study (20) to match the dose outside the skin boundary and reduce the impact of breathing motion on the skin dose.

The Eclipse software (TPS, Eclipse, version 15.6, Varian Medical Systems, Palo Alto, CA, USA) was used. In all plans, the prescribed dose was 50Gy/25 fractions with 6MV photons. The dose volume constraints on the TPS opitimization interface for planning target volume and OARs followed the same objective template [Table 2].


Table 2 | The dose-volume constraints on TPS optimization interface for planning target volume and organs at risk.



The Tangential VMAT plan was designed as four partial arcs, where the upper and lower fields were connected from lymph node to chest wall. Arc 1 and Arc 2 are usually set to 295° to 20° and reversed, and Arc 3 and Arc 4 are set to 40° to 150° and reversed shown as Figure 1A. The IMRT plan contains 10 fields, of which three covered lymph nodes (20°, 40° and 160°), six covered chest wall PTV (290°, 315°, 340° and 90°, 120°, 150°) and one covered conjunction part (150°). The collimator irradiated the PTV at different angles while avoiding the lungs and the heart, and the dose outside the skin was compensated by brushing the fluence. To effectively protect the OARs, fixed jaw technology is used in all fields of vision [Figure 1B]. In addition, the hybrid VMAT in Figure 1C and Figure 2 includes five fields, two tangential fields covering PTV-CW and IMNs at 70% dose, and two separate partial arcs covering approximately 30% of PTV-CW from 295° to 20° and 40° to 150°, an arc from 150° to 295° covered the PTV axillary and supraclavicular lymph nodes.




Figure 1 | Treatment planning design for three techniques: (A) T-VMAT; (B) IMRT; (C) H-VMAT.






Figure 2 | The beam eye view of treatment planning design of H-VMAT technique: (A) An arc from 295° to 20°; (B) An arc from 40° to 150°; (C) Tangential field one; (D) Tangential field two; (E) An arc from 150° to 295°.





Evaluating Setup Errors and Dose Accumulations

The retrospective study was performed with the Catalyst™ system (C-rad Positioning AB, Uppsala, Sweden). Data and surface images were collected every 50 mS for recording during the 25 fraction treatments in every PMRT patients, and the tolerance was set as 5 mm.

To obtain the Interfraction setup error for optical body surface monitoring, we performed surface acquisition at the first treatment after CBCT was performed as the reference, and then we collected surface data before the patients underwent IGRT. The non-rigid registration algorithm in the analysis tools in Catalyst™ was used to calculate any isocenter shift by matching the reference images and the images before IGRT. The region of interest (ROI) was set as the left-sided chest wall of the patients, which allowed the isocenter shifts to approximate the Interfraction setup error extraction for each treatment (12).

Every patient was treated using a specific treatment technique, and thus, it was impossible to obtain the three intrafraction setup errors in one patient. Hence, we selected 10 patients per technique (T-VMAT, H-VMAT, and IMRT) to estimate each intrafraction setup error during treatment. To derive the intrafraction setup error of the patients, we first retrieved data for each patient’s fraction, including isocenter shifts in the four degrees during the beam-on time, from Catalyst. The data of the 25 fractions for each patient was extracted and divided into five setup error sets, with each set representing the mean value of five fractions. Therefore, set 1 demonstrated the average setup error during the beam-on time from the first fraction to the fifth fraction. Furthermore, each field during the treatment had a slightly different setup error. We subdivided the intrafraction setup error for each field and combined the interfraction setup error; finally, the average setup error per set was calculated.

The setup error of each field in each set was obtained and imported into the Eclipse software to convert each field into an isocenter group. The setup error was entered in four degrees (longitudinal, transversal, vertical, and rotation) and re-calculated five times per technique for each patient. For example, in the H-VMAT plan, we initially used five fields. Next, we used five different isocenter groups for calculations in each set as plan 1 and the sum of five plans was evaluated for one patient using the H-VMAT technique. In total, 480 re-calculations were performed on five sets using each of the three techniques for the 32 patients. The re-calculations for each patient were followed by dose accumulation, and the resulting dose parameter and DVH are shown in Figure 3.




Figure 3 | The workflow used to generate the SGRT-based setup errors and dose accumulation is shown. First, non-rigid algorithm was used for interfraction setup error analysis. Then we subdivided the intrafraction setup error of each field and each technique divided 25 fractions into 5 sets (5 fractions per set). Furthermore, sum up the average setup error for each set. Finally, the setup errors imported to TPS and converted each field into an isocenter group, then accumulated and compared dose. In the DVH comparisons figure, —shown as T-VMAT, —shown as H-VMAT, —shown as IMRT.





Plan Evaluation

The dose parameters were read using the clinical protocol template on eclipse 15.5. The main dosimetry indicators include the coverage of CTV, the dose parameters of each OARs and the radiobiological indicators included lung and heart NTCP and CB SCCP. DVH was imported into MATLAB-based internal programs (MathWorks, Natick, MA) to calculate NTCP and SCCP values (14, 21). The pulmonary endpoint event was RP ≥ grade 2, which was calculated using the EUD-based NTCP model given by

 

Here, a is a unitless model parameter that is specific to the normal structure or tumor of interest, and Vi is unitless and represents the i’th partial volume receiving dose Di in Gy.

 

The TD50 is the tolerance dose for a 50% complication rate at a specific time interval when the whole organ of interest is homogeneously irradiated (22), and the γ50 is a unitless model parameter that is specific to the normal structure or tumor of interest and describes the slope of the dose response curve The NTCP for lung calculation has the following parameters: TD50 = 24.5 Gy, a = 1, and γ50 = 2 (21, 22).

The NTCP of heart used the NTCP-Poisson LQ function to calculate uses cardiac mortality as the end point (23). The dose-response curve for the complete organ volume is given by

 

Here, the dose for 50% response is denoted by D50 and the maximum relative slope of the dose-response curve is given by γ. In this model the organization of the functional subunit (FSU) is described in terms of a number of parallel strings in which each string consists of serially organized FSU. The relative seriality is given by the ratio of the number of serial subunits to all subunits and is described by the parameter s. For a heterogeneous dose distribution, the complication probability is determined by the equation

 

Here, n is the number of subvolumes in the dose calculation volume (DVH), and Δvi= vi/V, where vi is the volume of each subvolume in the DVH and V is the volume of the organ. The parameters used in the model are D50 = 52.3 Gy, γ = 1.28, and s = 1 (20, 21).

Calculating the second cancer complication probability (SCCP) of the contralateral breast takes the secondary incidence of tumor as the endpoint event. The equation can be represented as

 

Here, α is the cell radio sensitivity (Gy-1) and Inorg is the absolute cancer incidence rate in percent per gray for the specific organ. The parameters used for the calculation of the SCCP and Schneider model are α = 0.085 and Inorg = 0.78%/Gy (22, 24).

To compare delivery efficiency and difficulty, the number of monitoring unit (MU), modulation factor and total delivery time were also quantitatively analyzed. The modulation factor is the total number of MU divided by the prescribed dose per fraction as follow. All data are expressed as the mean ± standard deviation. Wilcoxon signed-rank tests were performed in SPSS (25th edition, Chicago, Illinois, USA) to determine significant differences (p < 0.05) between treatment planning techniques.

 




Results


Dose Analysis

T-VMAT covered the largest percentage of CTV among the three methods (98.6%), and the differences between T-VMAT and the other two techniques were statistically significant (P ≤ 0.001); coverage was the lowest for the IMRT technique. After introducing the positioning error, the coverage rate of T-VMAT was still the highest (95.51%), but H-VMAT reached 95.48%. The difference between T-VMAT and H-VMAT was not significant (P = 0.428).

The mean heart dose (MHD) in T-VMAT was 5.34 Gy, which was the lowest dose among the three planning methods. In all pairwise comparisons showed significant differences (P ≤ 0.001). After dose accumulation, the MHD increased by different degrees, but T-VMAT had the lowest MHD, which was significantly different from IMRT and H-VMAT (P ≤ 0.001). The T-VMAT technique also had the lowest value for the mean dose of LV (5.76 Gy), but the difference in the values between H-VMAT and T-VMAT was not significant (P = 0.092). After re-calculation, the doses of all three groups increased, but the difference in the dose values between H-VMAT and T-VMAT was not significant (P = 0.871), while the p-values of the other two groups were significantly different (P ≤ 0.05). T-VMAT also had the lowest mean dose of LAD (28.9 Gy), and the difference between H-VMAT and T-VMAT was not statistically significant (P = 0.138). After adding the setup error, the mean dose of LAD for the three groups showed significant differences in pairwise comparisons (P ≤ 0.05).

Irrespective of whether the dose of the IL was V5, V20, V30, or the mean dose, IMRT was higher than the other two techniques. There was no significant difference in Dmean and V20, except for those of IMRT vs. H-VMAT. The other dose parameters showed significant differences in the pairwise comparisons (P ≤ 0.05). After introducing the positioning error, no statistical difference was found for the mean dose. For the whole lung, the highest V5 of the T-VMAT technique was 47.18%, the highest V20 of IMRT was 13.77%, and the highest Dmean of H-VMAT was 8.37 Gy. The results showed that only the five sets of data of IMRT compared to those of the other two techniques were significantly different (P ≤ 0.05), and there was no significant difference in the parameters between T-VMAT and H-VMAT. After re-calculation, the V5 and mean dose of the T-VMAT technique were the highest among the three techniques. V20 was the highest for the H-VMAT technique, but there was no significant difference when comparing V20 of IMRT with that of the other two groups (P = 0.247 with H-VMAT and P = 0.112 with T-VMAT).

For CB, all parameters of T-VMAT were significantly higher than those of IMRT and H-VMAT, and Dmean was 5.76 Gy. T-VMAT was significantly different from IMRT (P = 0.024), but T-VMAT was not significantly different from H-VMAT (P = 0.059). The average dose of T-VMAT after adding the setup error was 6.99 Gy. There was no significant difference between IMRT and H-VMAT (P = 0.334); however, the other two groups showed significant differences (P ≤ 0.05). The dose distribution and dosimetry data are shown in Figures 4 and 5, respectively.




Figure 4 | The dose distribution of three techniques before and after setup error re-calculation. A, B, C before setup error [T-VMAT (A), IMRT (B), H-VMAT (C)], (D–F) after setup error [T-VMAT (D), IMRT (E), H-VMAT(F)].






Figure 5 | Box-whisker plot of dosimetry parameters with error bars:Heart Dmean, Left ventricle Dmean, Left anterior Dmean, Lungs V5, Lungs V20, Contralateral breast Dmean. Each figures show the dose changes of each OARs before and after the recalculation of setup error. Gray bars represent the accumulated dose after the consideration of setup error, and yellow bars represent the dose not considered of setup error. The points in the graph represent outliers, the black horizontal lines in the figures represent the average of each parameter.





Biological Model Analysis

First, the NTCP-Poisson LQ was used to analyze mortality as the endpoint event of the cardiac biological model. The T-VMAT technique had the lowest NTCP before and after adding the setup error (0.0003% and 0.01%), and the highest NTCP was found after implementing the IMRT technique (0.21% and 0.2%). The pairwise comparison showed significant differences (P ≤ 0.001). The lung endpoint event was analyzed by the LKB model as radiation pneumonia ≥ level 2. The T-VMAT technique had an advantage. The NTCP values before and after adding the setup error were 0.01% and 0.024%, respectively, which were the lowest values among the three techniques. IMRT had the highest values (0.2% and 0.35%), and pairwise comparisons showed significant differences (P ≤ 0.001). For the SCCP of CB, the secondary incidence of tumors was the endpoint event. T-VMAT had significantly higher secondary incidences of CB than IMRT and H-VMAT, which were 2%, 1.05%, and 1.05%, respectively. After introducing the positioning error, the SCCP was still the highest for T-VMAT (2.01%). For H-VMAT and T-VMAT, the SCCP before and after adding the setting error was not significantly different (P ≤ 0.059 and P ≤ 0.185), but the comparison between IMRT and T-VMAT showed a significant difference (P ≤ 0.024). The biological model analysis was performed to determine significant differences and compare the advantages and disadvantages of various planning methods, as shown in [Figure 6]. All dosimetric parameters, biological indices, and the delivery efficiency are shown in Table 3 and the p-values are shown in Table 4.




Figure 6 | Box-whisker plot of mean radiobiological parameters with error bar: CTV coverage, Contralateral breast SCCP, Heart NTCP, Lungs NTCP with error bars. Each figures show the parameters changes of each organs before and after the recalculation of setup error. Gray bars represent the accumulated dose after the consideration of setup error, and yellow bars represent the dose not considered of setup error. The points in the graph represent outliers, the black horizontal lines in the figures represent the average of each parameter.




Table 3 | Summary of the dosimetric parameters, radiobiological indices, and delivery parameters.




Table 4 | P values for three techniques comparison using Wilcoxon signed-rank test.





Delivery Parameters and Plan Complexity

Regarding the delivery parameters (25), IMRT had the highest treatment MUs (2,098) and total delivery time (365.7 s). The values were considerably higher than those of T-VMAT (746.25 and 168 s) and H-VMAT (the 742.34 and 169.5 s). The results of the analysis of plan complexity using modulation factor (26, 27) showed that T-VMAT and H-VMAT also had significantly lesser values than those of IMRT, which were 3.73, 3.71, and 10.5, respectively. IMRT and the other two treatment techniques showed significant differences in the delivery time, MUs, and treatment difficulty (P ≤ 0.001).




Discussion

For more accurate planning, the quality of the plan needs to be better, and the robustness and complexity of the plan need to be analyzed quantitatively. In 2020, a study (25) suggested that the dose distribution was not similar to the dose delivered to the patient due to uncertainties in dose calculation and treatment delivery, including variations in patient setup and anatomy. C-RAD systems can quantify setup errors in PMRT for breast cancer treatment. In our traditional radiation therapy, CBCT was a key method for assessing the positioning error (11, 26). It enabled us to visualize important anatomical details in the patient’s body. Additionally, many recent studies have shown that optical body surface monitoring can also assess the patient’s setup error, especially in breast cancer patients (28, 29). Theoretically, the target volume is closer to the chest wall for PMRT patients than the patients undergoing breast-conserving therapy, which makes the effect of SGRT more robust and accurate. The dose accumulation obtained by SGRT can extract real-time isocenter shifts, which has great advantages for analyzing intrafraction errors (30). Therefore, in this study, the registered body surface image after performing CBCT was used as the reference. The optical body surface image obtained before treatment and the optical body surface data recorded during the treatment were used to analyze the intra-fraction error. The superposition of the two setup errors was used for dose accumulation to obtain the real-world dose distribution. The non-rigid registration algorithm was selected for image registration. Because each part of ROI was given a corresponding weight according to the distance from the isocenter, a slightly larger or smaller ROI had negligible effects on the results. The rigid algorithm superimposed the changes of skin folds and other changes in the ROI to the final result regardless of the severity, and thus, we used non-rigid registration more in clinical analysis.

The radiobiological response model was used to compare the advantages and disadvantages of the different techniques (7, 8, 31). In general, no technique was better than the other two techniques in all standards, in our dose analysis, after accounting for the setup error. Although the dose advantage of the T-VMAT technique for the lungs and heart was prominent, the dose for CB in T-VMAT was significantly higher than the dose in IMRT and H-VMAT. Stovall et al. described the effect of dose on CB of breast cancer patients. They found that younger patients were more likely to have a long-term risk of breast cancer (32). Macduff et al. evaluated patients below 45 years who were carrying certain rare ATM variants, and they should be more aware of the risk of SCCP of CB cancer (33). This led us to analyze the secondary incidence of breast cancer using the T-VMAT technique, and the SCCP of CB was significantly higher than that in the other two techniques. In the analysis of biological models, the lung and heart complication rates of IMRT were the highest, while the clinical target area coverage was the least. This indicated that, based on setting errors, the impact received was the greatest, which made IMRT the least favored technique in this study. The situation concerning H-VMAT was different. After dose accumulation, the NTCP of the heart and lungs for H-VMAT was significantly lower than that for IMRT and slightly higher than that for T-VMAT. Thus, the dosimetry parameters and the probability of complications met the clinical conditions and standards. Moreover, H-VMAT had a small impact on setup errors and covered a higher proportion of CTV after introducing the positioning errors. This might immensely help to control the local rate after breast cancer surgery. Thus, H-VMAT can be used clinically in PMRT patients with internal mammary lymph nodes to achieve target dose coverage; additionally, the OAR dose and NTCP were found to be relatively well-balanced.

Among the limitations of the study, the intrafraction error of the optical body surface images for each treatment field in SGRT was not precise. Every patient was treated using a specific treatment technique, it was impossible to obtain the three intrafraction setup errors in one patient. Thus, we selected 10 patients per technique to estimate each intrafraction setup error during treatment. To ensure greater accuracy, we only extracted patient data from fields with the same angles. The interfraction error of each time and the intrafraction error of each field were only approximated to the actual error. CBCT-based image registration is the most recognized method because anatomical structures can be seen, and tumor changes within the target volume are always visible. In this study, PMRT was used to treat patients who had no tumor tissue in the planning target, and the tumor location was close to the optical body surface, and thus, the impact could be minimized. Implementing adaptive radiotherapy (ART) might solve this problem (11). Additionally, the rotation of the patient in two directions (Pitch and Roll) were not accounted for. We wanted to simulate the scenarios introduced by the isocenter to set uncertainty, improve the accuracy of dosimetry, determine the robustness and complexity of the plan, and calculate the bioequivalent dose based on dosimetry. For the whole process, an overall analysis from plan design and implementation to prognosis was conducted. Moreover, the deep inspiration breath-hold (DIBH) technology can significantly reduce the radiation dose that the heart and lungs are exposed to during breast cancer radiotherapy (34, 35). However, the treatment involving free breathing is still the conventional procedure for treating PMRT patients at our center. Hence, the DIBH technique was not used in this study. Future studies can combine various techniques with the DIBH technique for PMRT (15, 36).



Conclusion

H-VMAT technique can provide an appropriate balance of target coverage, OAR dose, complication probability, planning of robustness, and delivery efficiency relative to IMRT and VMAT techniques in PMRT patients with internal mammary lymph nodes. We propose a method using SGRT to evaluate the impact of different planning modalities on setup error, which reflected the robustness of the plan in the plan design. In the future, the robustness and complexity of the plan need to be quantified, and the long-term clinical outcomes have to be evaluated to assess its reliability.
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Aim

To investigate the value of pretreatment blood biomarkers combined with magnetic resonance imaging (MRI) in predicting the efficacy of neoadjuvant chemoradiotherapy (NCRT) in patients with locally advanced rectal cancer (LARC).



Methods

This study involved patients with LARC who received NCRT and subsequently underwent total mesenteric excision from June 2015 to June 2021 at the First Affiliated Hospital of Soochow University. Patients with incomplete courses of neoadjuvant therapy, comorbidities with other malignancies or diseases that affect the study outcome, and those who underwent unplanned surgery were ultimately excluded. Laboratory data such as albumin, CEA, various blood cell levels, and MRI related data such as tumor regression grade assessed by magnetic resonance imaging (mrTRG) were collected from the included patients one week prior to NCRT. MrTRG is a common clinical imaging metric used to assess the degree of tumor regression in rectal cancer, primarily based on morphological assessment of residual tumor. Furthermore, pretreatment blood biomarkers such as neutrophil to lymphocyte ratio (NLR), lymphocyte to monocyte ratio (LMR), albumin to fibrinogen ratio (AFR), and prealbumin to fibrinogen ratio (PFR) were assessed. The independent variables for pathologic complete response (pCR) to NCRT were determined by univariate and multivariate logistic regression analyses. Receiver operating characteristic (ROC) curve analysis was used to examine the performance of MRI with or without pretreatment blood biomarkers in predicting pCR using DeLong’s method. A nomogram was created and confirmed internally.



Results

Fifty-nine individuals with LARC satisfied the inclusion criteria, among which 23 showed pCR after NCRT. Logistic regression analysis demonstrated that pretreatment CEA (≤ 3 µg/L, OR = 0.151, P = 0.039), NLR (OR = 4.205, P = 0.027), LMR (OR = 0.447, P = 0.034), and PFR (OR = 0.940, P = 0.013) were independent predictors of pCR to NCRT. The AUCs of mrTRG alone and mrTRG plus the above four pretreatment blood biomarkers were 0.721 (P =0.0003) and 0.913 (P <0.0001), respectively. The constructed nomogram showed a C-index of 0.914.



Conclusion

Pretreatment blood biomarkers combined with MRI can help clinical efforts by better predicting the efficacy of NCRT in patients with locally advanced rectal cancer.
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Introduction

According to the global cancer statistics in 2020, colorectal cancer (CRC) is the second deadliest malignant tumor worldwide (1). Rectal cancer accounts for approximately 30% of colorectal cancer cases, and the proportion is increasing annually. In addition, most patients with rectal cancer are already locally advanced at the time of diagnosis and have a poor prognosis.

Since studies have reported the superiority of preoperative chemoradiotherapy over postoperative chemoradiotherapy, the conventional treatment modality of locally advanced rectal cancer (LARC) is neoadjuvant chemoradiotherapy (NCRT) followed by total mesenteric excision (TME) (2, 3). In recent years, the total neoadjuvant therapy (TNT) modality and the watch-and-wait (W&W) strategy have received increasing attention (4–7).

However, a significant variation in individual responses to NCRT has been noted during clinical treatment. Approximately 50%-60% of rectal cancer patients show staged shrinkage after NCRT, whereas about 10%-30% show pathologic complete response (pCR) (5). However, approximately one-third of patients show poor sensitivity to chemoradiotherapy, and NCRT efficacy is strongly linked to the prognosis of these patients (8). Therefore, the early prediction of NCRT efficacy is particularly important in the diagnosis and treatment of locally advanced rectal cancer.

Based on the principles of pathological tumor regression grading (pTRG), Patel et al. proposed magnetic resonance imaging for assessing tumor regression grade (mrTRG) in 2011 (9). However, this traditional morphological qualitative assessment based on T2-weighted imaging may fail to predict treatment response when assessing residual tumors (10). Since conventional MRI provides only morphological information, it is difficult to distinguish treatment-induced fibrosis, necrosis, and tumor residuals (11). In contrast, functional MRI such as diffusion-weighted imaging (DWI) can provide information at the molecular level of the tumor (12). DWI indirectly reflects the biology of human tissues by assessing the diffusive motion of water molecules and providing a quantitative index of the apparent diffusion coefficient (ADC). Recent studies have used DWI techniques to assess the efficacy of neoadjuvant therapy in patients with rectal cancer (13, 14). The efficacy of ADC values in predicting the efficacy of neoadjuvant therapy for rectal cancer remains controversial. The reasons for this may be related to factors such as the use of different methods to outline the region of interest (ROI) and different b-values. Therefore, until a uniform standard is reached in clinical as well as scientific research, assessment based on a single imaging image is inevitably a bit subjective.

Several economically feasible blood markers have been explored in recent clinical studies to predict tumor regression response after NCRT, such as neutrophil to lymphocyte ratio (NLR), prognostic nutritional index (PNI), and carcinoembryonic antigen (CEA) (15–23). Some foreign scholars explored whether the combined use of magnetic resonance imaging (MRI) parameters with CEA levels could better predict the efficacy of NCRT than MRI parameters alone. It was found that the combination of mrTRG and CEA improved the AUC value from 0.680 to 0.728 compared to mrTRG alone (24). However, although the performance of MRI parameters in combination with CEA for predicting pTRG improved, it was still unsatisfactory. Therefore, it was natural to question whether more satisfactory results could be obtained using additional and more valuable blood biomarkers in combination with MRI.

Thus, in this study, we aimed to investigate whether combining multiple blood biomarkers with T2WI-based mrTRG could significantly improve the power of MRI in predicting the efficacy of neoadjuvant chemoradiotherapy in patients with LARC. We also established a new model of MRI parameters and multiple blood markers. We have reason to believe that this is the first study to combine multiple blood biomarkers with MRI to predict the efficacy of neoadjuvant chemoradiotherapy in rectal cancer. This study will provide new ideas and methods for the selection of treatment strategies for neoadjuvant chemoradiotherapy in patients with rectal cancer.



Materials and methods


Patients

This retrospective study initially screened LARC patients who underwent NCRT and subsequent surgery at the First Affiliated Hospital of Soochow University from June 2015 to June 2021. The follow-up period was from the clinical diagnosis of rectal cancer to 2 weeks after TME surgery, encompassing the entire neoadjuvant treatment. The inclusion criteria were as follows: (1) rectal cancer with positive clinical stage T3-T4 or positive lymph nodes as determined by preoperative MRI, without distant metastases; (2) adenocarcinoma of the rectum less than 10 cm from the anal verge as confirmed by pathology of the colonoscopic biopsy specimen; (3) no previous chemotherapy or pelvic radiotherapy experience; (4) complete clinical process information, including laboratory test results within 7 days before the start of NCRT and tumor pathological characteristics; (5) complete imaging information, including rectal MRI images 4 weeks before NCRT and 6-8 weeks after NCRT; and (6) complete resection without positive tumor margins. The standards for exclusion were as follows: (1) incomplete completion of preoperative chemoradiotherapy treatment; (2) evidence of acute and chronic infections, autoimmune diseases, and hematological disorders; (3) palliative surgery or partial resection or emergency surgery; and (4) synchronous malignancies or medical history of other malignancies. This study was approved by the ethics committee of the First Affiliated Hospital of Soochow University.



Treatment

In this study, all patients received neoadjuvant chemoradiotherapy. Patients received preoperative radiation in the pelvic region in 25 fractions at a dose of 45 Gy, and the original tumor was irradiated with an additional 5.4 Gy in three doses, making the maximum dosage 50.4 Gy (25). Capecitabine was administered at a dose of 825 mg/m2 twice daily from Monday to Friday throughout the radiotherapy period. In the interval after radiotherapy and before surgery, patients received 2 to 3 cycles of neoadjuvant chemotherapy in one of two regimens, the CapeOX (43 cases, 72.9%) and the FOLFOX (16 cases, 27.1%). All patients underwent surgery according to the principle of TME at 4 to 8 weeks after NCRT. Patients were considered for adjuvant chemotherapy 3–4 weeks following surgery.



Pathological assessment of the response to NCRT

Pathological response to NCRT was evaluated by two independent pathologists according to the four-tier American Joint Committee on Cancer (AJCC) seventh edition tumor regression grade (TRG) classification. The pathological TRGs (pTRGs) system was defined as follows: pTRG0, no remaining viable cancer cells; pTRG1, single cells or rare residual cancer cells; pTRG2, residual cancer with a desmoplastic response; and pTRG3, minimal evidence of tumor response (26). The pCR was defined as pTRG 0 and the other grades were defined as non-pCR.



MRI assessment of the response to NCRT

All patients underwent rectal MRI 4 weeks before and 6-8 weeks after NCRT. The assessment of rectal cancer MRI parameters was performed by two radiologists with more than 3 years of experience in rectal cancer MRI staging. T-stage, N-stage, the distance from the anal verge to the lower edge of the tumor, and the status of the circumferential resection margin (mrCRM) were assessed by rectal MRI 4 weeks prior to NCRT. If the distance between the tumor and the mesorectal fascia on MRI was greater than or equal to 1 mm, the case was considered definitive mrCRM (9). The assessment of mrTRG was based on rectal MRI 6-8 weeks after NCRT: grade 1, mucosal or mucosal inferior 1 to 2 mm scar or marked normalization of the rectal wall; grade 2, dense fibrosis with no obvious residual tumor; grade 3, more than 50% of fibrosis or mucus and visible residual tumor signal; grade 4, minimal fibrosis/mucinous degeneration, mostly tumor; and grade 5, same as a primary tumor or tumor progression (10). Like pTRGs, mrTRGs were classified into good response and poor response, with mrTRG 1 or 2 and mrTRG 3, 4, or 5 indicating good and poor response, respectively.



Data collection and definitions

All patients underwent routine blood tests, liver and kidney function tests, coagulation tests, and serum CEA tests. All blood specimens were tested in our laboratory one week before the start of NCRT. The pretreatment blood biomarkers were calculated as follows:

	

	

	

	

	

	

	

In previous studies different cut-off values have been used for these biomarkers. For example, for NLR, Braun LH et al. adopted a cut-off value of 4.06, and neoadjuvant therapy tended to work well in patients with rectal cancer with pre-treatment NLR below 4.06 (15). However, some studies have also used 2.0 and 3.05 as cut-off values for NLR (22, 23). And there are also some scholars who did not convert these biomarkers into dichotomous variables (20, 21). Therefore, our study used continuous variables for all biomarkers.



Statistical analyses

The Statistical Package for the Social Sciences, version 20.0, was used to conduct statistical analyses (IBM SPSS Inc., Chicago, USA). Continuous variables were analyzed using the Student’s t-test for normally distributed variables or the Mann-Whitney U test for skewed distributed variables. Categorical variables were assessed using the Chi-square test or Fisher’s exact test (if the expected frequencies were <5). A univariate and multivariate logistic regression model was utilized to determine predictive factors for pCR to NCRT. DeLong’s technique was used to compare the areas under the curves (AUC) based on receiver operating characteristic (ROC) curves analysis of mrTRG alone versus the combination of mrTRG and pretreatment blood biomarkers for the prediction of pCR. A predictive nomogram was developed using R version 4.1.3 (R-Project, Institute of Statistics and Mathematics, Vienna, Austria) based on the findings of multivariate logistic regression analysis. The nomogram’s performance was evaluated using internal validation and AUC. Furthermore, the Harrell’s concordance index (C-index) was calculated to evaluate the discriminating capability of the nomogram. A two-sided P < 0.05 was considered statistically significant.




Results


Patient characteristics

From June 2015 to June 2021, we initially enrolled 100 LARC patients to receive neoadjuvant therapy, with 59 patients ultimately completing the study (see Figure 1). Patients who have not completed their course of chemoradiotherapy (n = 13), those who received concomitant targeted agents during NCRT (n = 9), those with incomplete laboratory records or imaging data (n = 9), and those with metastases to other organs (n = 10), were excluded from the study. Ultimately, 59 patients who satisfied all criteria were included in the study. All patients included underwent rectal MRI for clinical staging and assessment of treatment outcome before and after neoadjuvant chemoradiotherapy. For all 59 patients, the pTRGs according to each mrTRG are displayed in Table 1. Patient characteristics are summarized in Table 2. Among the 59 patients, pCR (pTRG 0) was observed in 23 (29.0%) patients, pTRG 1 in 16 (27.1%), pTRG 2 in 8 (13.6%) and pTRG 3 in 12 (20.3%). The median pretreatment biomarkers levels of serum albumin, prealbumin, hemoglobin, NLR, PLR, LMR, SII, PNI, AFR, and PFR were 41.1 g/L (range,33.1-49.2), 222.6 mg/L (range,149.9-345.5), 136 g/L (range,73-147), 2.65 (range,1.46-4.55), 133.85 (range,50.23-562.50), 3.59 (range,2.03-9.00), 552.3 (range,241.66-1644.78), 41.11 (range,33.11-49.21), 18.19 (range,14.13-22.17), and 95.95 (range, 60.69-157.05), respectively. The number of patients with CEA >3µg/L was 41(69.5%).




Figure 1 | Filtering process of patient data from the initial inclusion of patients.




Table 1 | pTRG according to mrTRG.




Table 2 | Patient characteristics and response to NCRT.





Predictors of pCR to NCRT

The relationships between patient demographics, tumor features, pretreatment biomarkers and MRI parameters, and pCR are shown in Table 2. Clinical biomarkers such as gender, age, BMI, the distance from the anal verge to the lower edge of the tumor, T stage, N stage, and mrCRM, and pretreatment blood biomarkers such as serum albumin, serum prealbumin, hemoglobin, PLR, SII, and PNI were not associated with pCR to NCRT (all P > 0.05).

According to the univariate analysis, mrTRG (1-2 vs. < 3-5, OR = 0.129, 95% CI 0.038-0.432, P = 0.001), pretreatment CEA level (≤ 3.0 vs. > 3.0, OR = 0.183, 95% CI 0.055-0.608, P = 0.006), pretreatment NLR (OR = 2.648, 95% CI 1.202-5.834, P = 0.016), pretreatment LMR (OR = 0.581, 95% CI 0.396-0.851, P < 0.001), pretreatment AFR (OR = 0.674, 95% CI 0.456-0.997, P = 0.048), and pretreatment PFR (OR = 0.969, 95% CI 0.941-0.998, P = 0.036) were significantly associated with pCR to NCRT (Table 3). Multivariate Logistic regression analysis demonstrated that mrTRG (1-2 vs. < 3-5, OR = 0.074, 95% CI 0.011-0.499, P = 0.007), pretreatment CEA level (≤ 3.0 vs. > 3.0, OR = 0.151, 95% CI 0.025-0.913, P = 0.039), pretreatment NLR (OR = 4.205, 95% CI 1.175-15.052, P = 0.027), pretreatment LMR (OR = 0.447, 95% CI 0.212-0.939, P < 0.034), and pretreatment PFR (OR = 0.940, 95% CI 0.896-0.987, P = 0.013) were independent predictors of pCR to NCRT (Table 3).


Table 3 | Univariate and Multivariate Logistic regression analysis for response to NCRT.



Overall, the pCR group had higher LMR and PFR, but lower NLR and CEA levels.



Pretreatment biomarkers improve the predictive performance of MRI

Figure 2 shows the ROCs for mrTRG alone (Figure 2A) and mrTRG plus pretreatment blood biomarkers for predicting pCR (Figures 2B-D). The AUCs for mrTRG plus biomarkers for predicting pCR were significantly larger than that for mrTRG alone (Table 4).




Figure 2 | ROC curves of mrTRG (1-2 vs. 3-5) alone (A) and mrTRG plus pretreatment biomarkers (NLR, LMR, PFR, CEA and all above four biomarkers) (B–D) for the prediction of pCR.




Table 4 | AUC values of each roc curve.





Nomogram for pCR to NCRT

Based on the significant predictors in the logistic regression analysis, a nomogram for the prediction of pCR to NCRT in LARC patients was developed, as shown in Figure 3A. The predicted probability of pCR for NCRT could be easily obtained by adding up the scores of each variable and then drawing a straight line. The patients with higher total scores tended to achieve a higher probability of pCR to NCRT. The internally validated calibration curves revealed good agreement between the predicted and actual probability of pCR to NCRT (Figure 3B). The nomogram performance was verified internally, and it exhibited a C-index of 0.914 (95% CI 0.838-0.988) and AUC of 0.913, as illustrated in Figure 3C.




Figure 3 | (A) A nomogram for predicting the probability of pCR to NCRT in LARC patients; (B) curves with internal validation for the nomogram; (C) ROC analysis of the nomogram. NCRT, neoadjuvant chemoradiotherapy; pCR, pathologic complete response; mrTRG, tumor regression grade assessed by magnetic resonance imaging; NLR, neutrophil to lymphocyte ratio; LMR, lymphocyte to monocyte ratio; PFR, prealbumin to fibrinogen ratio; CEA, carcinoembryonic antigen.






Discussion

The results of this study revealed that 23 (39.0%) of 59 LARC patients who received NCRT achieved pCR. CEA, NLR, LMR, and PFR were significant predictors of pCR, superior to markers such as PLR, SII, and PNI. High values of pretreatment LMR and PFR and low values of NLR and CEA were positively correlated with pCR. High pre-NCRT AFR was positively correlated with pCR in univariate logistic regression analysis, but not in multivariate logistic regression analysis. This discrepancy may be due to the high correlation between PFR and AFR in multivariate regression analysis. In the ROC curves analysis, the AUCs of individual biomarkers (NLR, LMR, PFR, and CEA) in combination with mrTRG were 0.774, 0.778, 0.831, and 0.798, respectively, which were all higher than that of mrTRG alone (AUC of 0.721). Furthermore, expectedly, the AUC of mrTRG in combination with all four biomarkers (NLR, LMR, PFR, and CEA) was the highest (0.913).

Scholars are increasingly recognizing a possible cross-link between systemic inflammatory responses and nutritional risk, as well as tumor-associated immune responses. Various inflammatory cells and inflammatory mediators are important components of the tumor microenvironment. For example, lymphocytes can induce cytotoxicity leading to tumor cell death and inhibit tumor cell proliferation and migration (27, 28). Sustained local and systemic inflammatory responses can be involved in the development, progression and prognosis of many malignancies through various mechanisms such as inhibition of DNA damage and apoptosis by inflammatory cytokines (29, 30). Malignancies can in turn lead to severe nutritional imbalances and even cachexia, directly activating proteolysis and lipolysis in target organs through a variety of pathways, such as pro-inflammatory factors with catabolic effects that can act as mediators of cachexia (31). This catabolism occurs mainly in skeletal muscle, adipose tissue, and myocardium, and its consequences include increased chemotherapy toxicity, complication rates of surgery, and increased mortality (32). In contrast, the cytotoxic effect of chemoradiotherapy causes necrosis of tumor cells and alters the local and systemic inflammatory response, thus increasing the recognition of tumor antigens by the body’s immune system (33). Therefore, early assessment of the sensitivity of patients with malignant tumors to radiotherapy is essential.

In imaging, conventional rectal MRI is a classic tool for clinical assessment of rectal cancer staging and the effectiveness of neoadjuvant therapy. The application of apparent diffusion coefficient (ADC) values from diffusion-weighted imaging (DWI) to predict the tumor regression response after NCRT in rectal cancer has been studied (34–36). Some studies have investigated the performance of maximum standardized uptake values (SUVs) of 18F-FDG PET or its dynamics before and after NCRT in predicting pCR in rectal cancer patients (37, 38). However, many tools and parameters are currently not up to a uniform standard.

In recent years, some inflammatory biomarkers and nutritional biomarkers can directly or indirectly respond to the inflammatory response and nutritional status of the body and have been found to be independent prognostic factors in patients with rectal cancer treated with NCRT (39–43). Most of the previous studies have focused on one or a few biomarkers, exploring their relationship with the efficacy of neoadjuvant chemotherapy in rectal cancer (44–48). However, it is clear that no single biomarker is currently powerful enough to achieve accurate prediction independently, and new models combining blood biomarkers and imaging parameters can achieve better outcomes. In this study, valuable blood biomarkers were filtered and combined with mrTRG to take advantage of the unique advantages of the different parameters as much as possible. A common feature of previous studies is the conversion of the obtained biomarkers from continuous variables to dichotomous variables, thus grouping patients in a simple way. However, it generates the problem of using different cut-off values in different studies. We did not perform simple dichotomization of the raw data in this study. It not only avoids the problem of various cut-off values due to sample differences, but also retains the advantage of continuous variables.

Our study has a few limitations. First, since this is a retrospective study with limited sample size, the possibility of selection bias during data collection cannot be excluded. Second, the blood biomarkers analyzed in this study are non-specific and may be influenced by various physiological or pathological factors. Hence, their values can vary over time. Nevertheless, our study focused only on the predictive role of these blood biomarkers prior to NCRT. Moreover, to analyze the efficacy of NCRT in treating rectal cancer, the final results should be tracked to determine long-term patient outcomes. In this study, the biomarkers’ long-term prognostic ability was not investigated. Thus, further large sample-sized studies are needed to determine these effects.



Conclusion

This study extensively screened a variety of valuable pre-neoadjuvant blood biomarkers, such as CEA, NLR, LMR, and PFR, that could serve as predictors of pathologic complete regression and help improve the performance of MRI in predicting the efficacy of neoadjuvant therapy in patients with locally advanced rectal cancer. Combining pretreatment blood biomarkers with MRI metrics to create a clinical prediction model can effectively predict the efficacy of neoadjuvant therapy and thus help determine the optimal individual treatment regimen for LARC patients.
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Background

Boluses are routinely used in radiotherapy to modify surface doses. Nevertheless, considerable dose discrepancies may occur in some cases due to fit inaccuracy of commercially available standard flat boluses. Moreover, due to the simple geometric design of conventional boluses, also surrounding healthy skin areas may be unintentionally covered, resulting in the unwanted dose buildup. With the fused deposition modeling (FDM) technique, there is a simple and possibly cost-effective way to solve these problems in routine clinical practice. This paper presents a procedure of self-manufacturing bespoke patient-specific silicone boluses and the evaluation of buildup and fit accuracy in comparison to standard rectangular commercially available silicone boluses.



Methods

3D-conformal silicone boluses were custom-built to cover the surgical scar region of 25 patients who received adjuvant radiotherapy of head and neck cancer at the University Hospital Würzburg. During a standard CT-based planning procedure, a 5-mm-thick 3D bolus contour was generated to cover the radiopaque marked surgical scar with an additional safety margin. From these digital contours, molds were 3D printed and poured with silicone. Dose measurements for both types of boluses were performed with radiochromic films (EBT3) at three points per patient—at least one aimed to be in the high-dose area (scar) and one in the lower-dose area (spared healthy skin). Surface–bolus distance, which ideally should not be present, was determined from cone-beam CT performed for positioning control. The dosimetric influence of surface–bolus distance was also determined on slab phantom for different field sizes. The trial was performed with hardware that may be routinely available in every radiotherapy department, with the exception of the 3D printer. The required number of patients was determined based on the results of preparatory measurements with the help of the statistical consultancy of the University of Würzburg. The number of measuring points represents the total number of patients.



Results

In the high-dose area of the scar, there was a significantly better intended dose buildup of 2.45% (95%CI 0.0014–0.0477, p = 0.038, N = 30) in favor of a 3D-conformal bolus. Median distances between the body surface and bolus differed significantly between 3D-conformal and commercially available boluses (3.5 vs. 7.9 mm, p = 0.001). The surface dose at the slab phantom did not differ between commercially available and 3D-conformal boluses. Increasing the surface–bolus distance from 5 to 10 mm decreased the surface dose by approximately 2% and 11% in the 6 × 6- and 3 × 3-cm2 fields, respectively. In comparison to the commercially available bolus, an unintended dose buildup in the healthy skin areas was reduced by 25.9% (95%CI 19.5–32.3, p < 0.01, N = 37) using the 3D-conformal bolus limited to the region surrounding the surgical scar.



Conclusions

Using 3D-conformal boluses allows a comparison to the commercially available boluses’ dose buildup in the covered areas. Smaller field size is prone to a larger surface–bolus distance effect. Higher conformity of 3D-conformal boluses reduces this effect. This may be especially relevant for volumetric modulated arc therapy (VMAT) and intensity-modulated radiotherapy (IMRT) techniques with a huge number of smaller fields. High conformity of 3D-conformal boluses reduces an unintended dose buildup in healthy skin. The limiting factor in the conformity of 3D-conformal boluses in our setting was the immobilization mask, which was produced primarily for the 3D boluses. The mask itself limited tight contact of subsequently produced 3D-conformal boluses to the mask-covered body areas. In this respect, bolus adjustment before mask fabrication will be done in the future setting.
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Introduction

In radiotherapy, the 3D printing fused deposition modeling (FDM) technique introduced by Crump (1) has been used in a variety of ways including the creation of individualized phantoms, brachytherapy applicators, or intraoral stents (2–4). The fabrication of individualized boluses via 3D printing represents another application of this technique.

Bolus material can effectively modify the radiation dose to the skin and mucosal surfaces (5–7). Liquid-impregnated gauzes, wax, gel, and silicone overlays are conventionally used for this purpose. In this context, a transition between bolus and skin that is as seamless as possible is crucial for the predictability of dose distribution, as even small gaps can lead to significant superficial dose reductions and dose inhomogeneity (8–12).

A literature review by Pugh et al. showed that the improved surface conformity of 3D-printed boluses could prove beneficial for volumetric modulated arc therapy (VMAT), as the presence of air gaps can result in a 10% reduction in surface dose for small field sizes and oblique incident beams (13).

Gaps under commercially available boluses are commonly observed in the head and neck region, as irregularities on the surface can lead to wrinkling or poor bolus formability. Furthermore, since VMAT with numerous small fields prone to the dose effects of increased surface–bolus distance plays a prominent role in the treatment of head and neck tumors, bolus conformity may be of importance. A simultaneous reduction of the bolus cover on healthy skin enabled by the bolus individualization may reduce side effects.

Individual boluses produced via 3D printing are typically made of solid plastics and have been tested in numerous dosimetric analyses (13–18). A major drawback of this design is the low flexibility and thus patient comfort. The use of new 3D printing techniques such as FDM may offer the possibility to produce cost-effective, individual, and flexible boluses for routine clinical use (19–24). Therefore, in this study, we combined FDM with a silicone casting process so that we were able to get flexible 3D-compliant boluses and implement the attachment into routine clinical workflow.

Previous studies of 3D-conformal flexible boluses did not pay attention to the dose effects outside the covered area. The merits of 3D-conformal boluses in terms of accuracy of superficial dose application have so far been demonstrated in the context of simulations and phantom measurements (8–12). This adds to the clinical advantage of adjusting the bolus configuration to the individual patient situation. A detailed investigation of economic and clinical aspects however was not planned yet.

While a comparable production process of a flexible bolus was already described (18), existing studies are limited to the evaluation by means of a static anthropomorphic phantom and recalculation using the therapy planning system (TPS) (16, 25). Further, to our knowledge, there are no reports of an evaluation of the fit accuracy for patients and the dosimetric characteristics using in vivo dosimetry.

The aim of this study was to investigate dose coverage of superficial target volumes (surgical scars) with the simultaneous investigation of dose reduction in surrounding healthy skin by in vivo dosimetry with 3D-conformal and commercially available silicone boluses. A standardized workflow for bolus production was also introduced. Radiochromic films were used to evaluate dose buildup and to quantify the influence of gaps between bolus and skin. The conformity of the 3D-printed boluses was investigated by measuring the distance between bolus and skin in the TPS.



Materials and methods


Equivalence of Materials

To test the equivalence of materials from conventional and individual boluses with respect to dose buildup, six measurements each were performed using MOSFET-live dosimetry on the slab phantom. For this purpose, a commercially available bolus and a flat-cast self-produced bolus were used, each with a layer thickness of 0.5 cm and an area of 30 cm × 30 cm. Irradiation was performed with the fixed number of 100 monitor units (MUs) at a focus-slab phantom distance of 100 cm in standing field technique with a nominal field size of 10 × 10 cm2 on a Siemens linear accelerator (model Siemens Primus Mevatron M, 6 MV).



Influence of Bolus–Surface Distance and Field Size on Dose Reduction

To estimate the influence of surface–bolus distance and field size on the dose reduction, EBT3-film measurements were performed on the surface of a slab phantom. For this purpose, a conventional bolus with a size of 30 × 30 cm2 was placed parallel to the slab phantom surface at different heights (0, 5, 10, and 20 mm) and irradiated at different field sizes (1 × 1, 2 × 2, 3 × 3, 4 × 4, and 6 × 6 cm2). 3D-printed spacers with very thin support structures of varying heights were used at a distance of 4 cm from the central beam axis for suspension of the boluses. The irradiation was performed in the static field technique with a Siemens linear accelerator (Siemens Primus Mevatron M, 6 MV) with 200 MUs. The experimental setup is shown in Figure 1.




Figure 1 | Experimental setup to estimate the influence of distance and field size on dose reduction.





Preparation of the Individual Bolus

First, molds for flabs with edge lengths of 10 × 10 × 0.5 cm were printed, and the dimensions of the casting product were checked for quality assurance.

The planning CTs of 25 patients receiving adjuvant radiotherapy of the head and neck were exported to the TPS Pinnacle®. An appropriate treatment plan was then determined by the treating radiation oncologist. A virtual 5-mm-thick bolus contour (brown contour, Figure 2A) with a virtual density of 1 g cm−3 was generated by TPS. The fiducial marking of the target volume (surgical scar) was located and manually drawn along its course for each CT slice (purple contour, Figure 2A). The contour indicating the course of the scar was subsequently radially expanded by 2.4 cm to ensure reliable scar coverage (blue contour, Figure 2A). With a radius of 2.4 cm around the marker and a CT layer thickness of 3 mm, an even number of layers in the orthogonal direction was obtained. The intersection of the brown and blue volumes was defined as the individual bolus contour (green contour, Figure 2A). From this template, a silicone bolus was produced and is shown in Figure 2B for comparison. Figure 2C shows a commercially available bolus.




Figure 2 | Contouring of an individual bolus (A), 3D-conformal bolus (B), and commercially available bolus (C).



The 3D-conformal bolus contour was exported as a digital imaging and communications in medicine (DICOM) file and converted to standard triangulation language (STL) format using slicing software (3D-Slicer, Version 4.10.2, Slicer Community). This step enabled further processing in 3D printing software (Meshmixer, Version 3.5, Autodesk Inc.). To reduce the time of 3D printing and improve the conformity of the bolus, the surface of the contour was smoothed (Figure 3).




Figure 3 | Smoothing the contour of 3D-conformal bolus.



The processed and optimized contour was converted into a corresponding casting mold using “Ultimaker Cura” (Version 4.4.1). An automated Cura print profile (Table 1) was defined for this application.


Table 1 | Setting of the automated Cura print profile.



Two differently colored crosslinking silicones (Wagnersil 9N, Wagner Dental GmbH & Co. KG) with a density of 1.05 g cm−3 and silicone oil (density of 0.97 g cm−3) were selected to fill the casting mold. The two silicone components were prepared in a 1:1 ratio. The overall mixing ratio of silicone to silicone oil was 70%:30% v/v due to its ideal softening effect. The mixture was stirred slowly with a glass rod until homogeneous coloration was observed for maximum crosslinking. Afterward, the mixture was filled into the mold, which was printed out of polylactide (PLA NX1, 1.75 mm, white, Extrudr, FD3D GmbH). Air bubbles could be avoided in previous experiments by stirring and filling the silicone slowly. After complete filling of the mold, a minimum time of 30 min was given for the crosslinking reaction before the covering mold was removed (Figure 4).




Figure 4 | Preparation of the mold with 3D printer (A), mold (B), and individual bolus (C).





Dosimetric Investigation of Individual Boluses in Clinical Practice

Three consecutive measurements were made using the commercially available bolus at first and then three more were made subsequently using the 3D-conformal bolus. Both kinds of bolus were placed outside the immobilization mask. Therefore, radiochromic films (8 mm × 10 mm) were placed at three positions located inside the irradiation field. At least one of these was located in the expected high-dose area, directly on the visible surgical scar and preferably in the concave area. Another measurement was taken in the area of healthy skin, which was spared by the individual bolus. The localization of the third position varied depending on the feasibility of these two modalities. These positions were marked with metal pellets; on another day, a cone-beam CT (CBCT) was regularly scheduled. Irradiation of patient plans was performed with an Elekta Versa HD linear accelerator at 6 MV. The single prescribed dose varied from 1.8 to 2.0 to 2.2 Gy (D95) with a simultaneous integrated boost (SIB) according to the risk profile of the corresponding treatment volume.

The films were read out 1 week after the measurement as stated in the manufacturer’s instructions. One CBCT with the commercially available bolus, one CBCT with the 3D-conformal bolus, and the CBCT with the marker were imported into the TPS. The Pinnacle Windowing Protocol “Head” (window, 326; level, 900; L+W, 1226 RAW) was chosen, and the distances between the skin and both boluses were measured at the positions indicated by the markers. All materials and programs are listed in Table 2.


Table 2 | Materials and programs.






Results


Equivalence of Materials

Doses at the surface of the slab phantom only changed insignificantly under conventional and cast boluses (under conventional bolus, mean = 101.5 cGy, SD = 1.8 cGy; under individual bolus, mean = 103.3 cGy, SD = 1.8 cGy). Both materials could therefore be considered comparable for dose buildup.



Influence of Field Size and Bolus–Surface Distance on Dose

The measured values given in Table 3 as a percentage dose are shown graphically in Figure 5. It can be shown that dose reduction due to bolus elevation increases with decreasing field size. While an increase of the surface–bolus distance from 0 to 5 mm still led to a dose reduction of 28.7% for a field size of 1 cm2, the dose was reduced by only 4.3% for a field size of 2 cm2. Likewise, an increase of the air gap from 0 to 10 mm resulted in a greater relative dose reduction than a further increase from 10 to 20 mm in all cases.


Table 3 | Relative dose according to field size and surface bolus distance in mm.






Figure 5 | Influence of bolus–surface distance and field size on dose reduction.





Dosimetric Evaluation of Individual Boluses

Across all patients, there were 75 different locations that could be measured. Of these, at a total of 30 different positions, a surface dose could be determined in the scar region under conventional and individual boluses (Figure 6). These shown doses are the mean of three single fractions measured by film dosimetry with SDs indicated. The quotient of the surface doses under conventional and individual boluses reveals relative dose increase or decrease. A dependent t-test shows a significant dose difference of +2.45% in the scar region under individual boluses (95%CI 0.0014–0.0477, p < 0.05, N = 30) in comparison to standard ones.




Figure 6 | Surface dose under standard and individual boluses.



A total of 37 different positions could be determined at which it was possible to avoid covering healthy skin (sparing) by applying individual boluses (Figure 7). The stated doses are the mean value from three single doses as well. A dependent t-test shows a significant dose reduction of 25.9% on skin spared by the omitted bolus coverage (95%CI 19.5–32.3, p < 0.01, N = 37).




Figure 7 | Dose sparing on healthy skin by applying individual boluses.



At a total of 8 measurement points, neither of the first two criteria was applied, as the measuring point was located under both the individual and conventional boluses but not directly on a scar due to other inadequate attachment options. These points had to be removed from the evaluation.

Surface–bolus distances could be measured at 36 different measurement sites under conventional boluses, while 37 measurement points could be determined under individual boluses.

The two populations were compared using a Wilcoxon test on connected samples. The median spacing (50th percentile) under individual and conventional boluses differed significantly (3.5 vs. 7.9 mm, p = 0.001). Thus, individual bolus adjustment resulted in a significant distance reduction (Δ surface–bolus distance). The results are shown in Figure 8. Points 11 and 42 represent statistical outliers.




Figure 8 | Surface–bolus distances under conventional and individual boluses.






Discussion

The production of a flexible individual silicone bolus following the suggested procedure was feasible. All boluses endured the mechanical stress during the whole course of the treatment. Measurements on the slab phantom confirmed the dosimetric equivalence of the silicone bolus.

The majority of dose measurements on the scar region are consistent with the expected dose range between the D95 prescription levels of 180 cGy for the lower dose target volume and 220 cGy for the higher dose target volume. Details depend on the location of the individual measurement points in relation to the target volumes and dose distributions. A small but statistically significant increase of the measured dose on the scar region for individual bolus was demonstrated. At the same time, a statistically relevant decrease of the air gap size by 4.4 mm was found. In general, as shown in the slab phantom measurements, the surface dose decreases with increasing gap size. Therefore, the observations seem consistent.

The measured increase in dose buildup may be partly due to the better fit, but irregularities in the bolus thickness may also be a cause. The individual bolus provided approximately 5 ± 0.5 mm of buildup material due to material and thickness accuracy. Therefore, we would expect dose variations of up to 3%, and the measured dose increase of 2.45% is in this range.

In areas of large surface slope gradients (e.g., mandible and neck), the determination of the surface–bolus distance at the point of measurement is challenging. Surface–bolus distances represent an average of measurements from three adjacent CT slices. Further, all stated distance measurements in the transverse plane are performed perpendicular to the patient’s surface. The gap size can differ slightly from the projection of the orthogonal beam direction typically encountered using the VMAT technique. In addition, a field size dependence of the dose reduction at different air gap sizes was observed in the slab phantom.

Omission of unintended skin coverage by bolus resulted in a statistically significant dose reduction of 25.9%. Thus, the resulting dose distributions using individual bolus provided adequate buildup in the scar region and improved sparing of healthy skin.

3D printers are becoming more widespread and affordable for most radiotherapy departments. The cost of such a printer and the personal engagement during the production process of individual bolus must be weighted against the cost of commercial bolus and expected therapy outcome using individual versus commercial bolus. Since unwanted dose discrepancies due to bolus cavities increase with smaller field size, a 3D-conformal adaptation of boluses seemed particularly interesting for VMAT of the head and neck region in which a high number of small field apertures are common.

The use of individual bolus has some limitations in clinical practice. A gapless bolus application is impeded in some areas by the thermoplastic masks used for immobilization, which causes some cavities themselves. Additionally, even for an initially perfectly fitting bolus, further gaps may arise during the course of the treatment by treatment-induced changes in the irradiated target volume, such as a decrease in swelling in the head and neck region or changes in position during mask fitting. Due to the first problem, we plan to use a 3D surface scanner to manufacture an individual bolus to be fitted under the thermoplastic mask. This allows full integration of individual bolus into the immobilization mask. The dose buildup effect caused by the masks, which was absent at measurement points outside the mask fixation, may bias the conclusion of a purely bolus-related dose buildup.



Conclusion

Individual boluses via FDM in conjunction with silicone casting are possible and practicable. The individual steps required were optimized with regard to the virtual generation of the bolus contour from the TPS, the production of a mold using 3D modeling software, and the mixing ratios of the silicone casting components. The boluses did tolerate the mechanical stresses over the entire treatment period.

Measurements comparing individual and conventional bolus variants showed a slight but significant increase in surface dose in the critical scar region in favor of individual ones. The custom manufacturing process significantly reduced unwanted dose exposure to healthy skin with a dose decrease of 25.9%. Likewise, a better fitting of the customized bolus was evident with a significant reduction in the surface–bolus distance (3.5 vs. 7.9 mm).
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Purpose

To determine an optimal setting for functional contouring and quantification of prostate cancer lesions with minimal variation by evaluating metabolic parameters on 18F-PSMA-1007 PET/CT measured by threshold-based and gradient-based methods under the influence of varying uptake time.



Methods and materials

Dual time point PET/CT was chosen to mimic varying uptake time in clinical setting. Positive lesions of patients who presented with newly diagnosed disease or biochemical recurrence after total prostatectomy were reviewed retrospectively. Gradient-based and threshold-based tools at 40%, 50% and 60% of lesion SUVmax (MIM 6.9) were used to create contours on PET. Contouring was considered completed if the target lesion, with its hottest voxel, was delineated from background tissues and nearby lesions under criteria specific to their operations. The changes in functional tumour volume (FTV) and metabolic tumour burden (MTB, defined as the product of SUVmean and FTV) were analysed. Lesion uptake patterns (increase/decrease/stable) were determined by the percentage change in tumour SUVmax at ±10% limit.



Results

A total of 275 lesions (135 intra-prostatic lesions, 65 lymph nodes, 45 bone lesions and 30 soft tissue lesions in pelvic region) in 68 patients were included. Mean uptake time of early and delayed imaging were 94 and 144 minutes respectively. Threshold-based method using 40% to 60% delineated only 85 (31%), 110 (40%) and 137 (50%) of lesions which all were contoured by gradient-based method. Although the overall percentage change using threshold at 50% was the smallest among other threshold levels in FTV measurement, it was still larger than gradient-based method (median: 50%=-7.6% vs gradient=0%). The overall percentage increase in MTB of gradient-based method (median: 6.3%) was compatible with the increase in tumour SUVmax. Only a small proportion of intra-prostatic lesions (<2%), LN (<4%), bone lesions (0%) and soft tissue lesions (<4%) demonstrated decrease uptake patterns.



Conclusions

With a high completion rate, gradient-based method is reliable for prostate cancer lesion contouring on 18F-PSMA-1007 PET/CT. Under the influence of varying uptake time, it has smaller variation than threshold-based method for measuring volumetric parameters. Therefore, gradient-based method is recommended for tumour delineation and quantification on 18F-PSMA-1007 PET/CT.
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Introduction

The clinical use of prostate specific membrane antigen (PSMA) ligand for PET imaging has revolutionized the diagnostic and therapeutic paradigm of prostate cancer. The usefulness of PSMA PET/computed tomography (CT) in guiding radiotherapy (RT) has been widely reported, especially for the detection of local recurrence and metastasis including lymph nodes (LN) and osseous lesions in which conventional imaging modalities may be less sensitive to depict (1, 2). It is clinically useful for the delineation of intraprostatic lesions without clear margin in primary disease and the localisation of oligometastatic lesions usually having small physical size at early biochemical recurrence after prostatectomy. Image-derived metabolic parameters such as tumour maximum standardized uptake value (SUVmax), functional tumour volume (FTV) and metabolic tumour burden (MTB) were reported to be useful for disease quantification. Contours on PSMA PET/CT was also shown to be of clinical significance in tumour volume delineation which led to changes in treatment plan (3–7).

Lesion contouring is labour-intensive in treatment planning workflow especially when contours are drawn manually. Threshold-based and gradient-based methods are clinically available semi-automatic segmentation on PET images with higher reliability and smaller inter-observer bias (8–10). Although different approaches and settings have been suggested for PSMA PET/CT, they are specific to clinical application and target lesion type which limits their practicality in routine practice (11–16).

PET tracer uptake is a pharmacokinetic process. The rates of tracer uptake in different tissues vary with tracer concentration and cellular microenvironment. Acquiring PET images at different time points gives rise to variations in metabolic parameters. Standardization of PET imaging protocol has been proposed (17, 18). Nevertheless, there is no consensus on the optimal uptake time for 18F-PSMA PET/CT as evident by the wide range of uptake time in previous studies (19–21). This technical factor varies from patient to patient, from scan to scan, even within a single imaging centre. However, there is no study evaluated the variations in metabolic parameters measured by gradient-based and threshold-based methods at different uptake times in clinical 18F-PSMA PET/CT examinations.

Therefore, an efficient and reliable lesion contouring method with smaller level of variation is of interest to clinical practice for this increasingly common and important image guidance. This study aimed to determine an optimal setting for contouring prostate cancer lesions on 18F-PSMA-1007 PET/CT with minimal variation under the influence of uptake time.



Methods and materials


Patient data

In this study, dual time point imaging was selected to mimic the varying uptake time in clinical setting. Clinical 18F-PSMA-1007 PET/CT examinations performed in the Hong Kong Sanatorium and Hospital from November 2019 to May 2021 were reviewed retrospectively under an Internal Review Board (IRB)-approved protocol. To allow direct comparison, only cases scanned using cross calibrated PET/CT scanners of the same model (Siemens Biograph Vision 600) were retrieved from image archive.

To obtain an appropriate representation of lesions requiring functional contouring for metabolic quantification in daily clinical practice, only patients who were [a] newly diagnosed by confirmed biopsy of primary disease and positive MRI findings without any medical treatments, or [b] presented with the first biochemical recurrence after prostatectomy without any post-operative treatments were selected. Considered that 18F-PSMA-1007 uptake can be non-specific, only positive lesions reported by certified nuclear medicine physician were included.



Scan preparation and image acquisition

Pre-examination fasting was not required. Injected activity of 18F-PSMA-1007 was calculated according to patient’s weight (6.5-11.0 mCi). After intravenous injection, patients were requested to take a rest in preparation room for a minimum uptake period of 90 minutes before scanning. Whole-body scans were acquired after urination, spanning from base of skull to upper thigh. Patients performed normal breathing with both arms positioned above head. Non-contrast CT was performed (120 kVp, 90 mAs, pitch 0.8 and rotation time 0.5 second) followed by PET acquisition (static bed, 2 minutes per bed). Regional delayed imaging was performed as per physician’s order when clinically indicated. PET images were reconstructed using parameters optimized for small lesion depiction (4 iterations 4 subsets, gaussian filter 5 mm at FWHM, voxel size 1.65 x 1.65 x 1.5 mm, point spread function and time-of-flight options enabled).



Image measurement

Images were loaded to imaging workstation (MIM 6.9, MIM Software INC., US). Both gradient-based and threshold-based tools used for contouring have been described earlier as follows (22). Gradient-based method is a textual analysis detecting the point having the greatest slope of lesion activity profile by calculating its spatial derivative. A starting point is defined near the centre of lesion. Six axes with visualized length are dragged out by user. The spatial gradients along these axes are calculated interactively. These axes are restricted to a large spatial gradient that detected near the edge of the lesion. The ellipsoid volume formed is used as a starting boundary for gradient detection. When mouse button is released, the lesion contour is created at the edge detected using the maximal spatial gradient along each axis. Threshold-based method creates contour in a user defined spherical volume covering the entire target lesion by including those having values larger than the chosen threshold in the form of percentage of lesion SUVmax.

Gradient-based and threshold-based methods using 40%, 50% and 60% of lesion SUVmax were used to create tumour contours on both early and delayed images. Tumour SUVmax, FTV and MTB (defined as the product of mean standardized uptake value (SUVmean) and FTV) were exported for analyses. All lesions were categorized into four groups according to their types: intra-prostatic lesions, LN, bone lesions, and soft tissue lesions in pelvic region. The uptake times of scans (from tracer injection and the start of acquisitions) were recorded.



Data analysis

Contouring was considered completed if [a] the target lesion was delineated from background tissues and nearby lesions without the need of manual adjustment or smoothing, [b] the contour encompassed the hottest voxel of the target lesion, [c] in gradient-based method, none of the axes starting from the lesion centre has extended out of the lesion without detecting and restricted by a large spatial gradient near the edge, and [d] in threshold-based method, the contour was created without being constrained by the user defined spherical volume. Completion rate was determined for each segmentation method as:

	

To determine the levels of variation of segmentation methods, percentage changes in FTV and MTB of each completed contour pair were calculated as follows. A segmentation method that gives consistent FTV with percentage change approaching zero, is preferred.

	

	

Percentage change in tumour SUVmax of each lesion was calculated as:

	

Lesion uptake pattern was determined by the percentage change in tumour SUVmax. Limits were adopted from a previous study on 68Ga-PSMA PET/CT as follows (23):

	“increase” for +10% or more, or

	“decrease” for -10% or more, or

	“stable” within ±10%.



Statistical analyses were performed using IBM SPSS Statistics (version 26, IBM Corp., US). Tumour SUVmax, FTV and MTB were compared between time points using paired t-tests. Percentage changes in SUVmax of lesions in newly diagnosed and post-prostatectomy group were compared using independent sample t-test. Two-sided p-value<0.05 was considered statistically significant.




Results

A total of 275 lesions (135 intra-prostatic lesions, 65 LN, 45 bone lesions and 30 soft tissue lesions in pelvic region) in 68 patients (44 newly diagnosed and 24 with prostatectomy done) were included in this study. Same number of lesions was detected on both time points. Mean uptake time of early and delayed imaging were 94 ± 16.8 and 144 ± 14.3 minutes respectively.


Completion rate

Table 1 summarises the completion rates in all lesions and each lesion type. Contouring of all the 275 lesions were completed using gradient-based method. Completion rates were lower using threshold-based method. For each threshold level, the lowest rate was observed for intra-prostatic lesions because of failure to separate target lesions from nearby more intense lesions; the highest rate was seen in bone lesions which were usually having a well-defined margin. In all lesion types, the completion rates dropped with threshold level because of the inclusion of background activity when lesion contrast was insufficient.


Table 1 | Completion rates of gradient-based and threshold-based segmentation methods.





FTV

The median percentage changes in FTV of all lesions and within each lesion type were summarised in Table 2. Gradient-based method outperformed threshold-based method at 50% (-7.6%) even though it gave the most consistent measurements among different threshold levels. In per lesion type analysis, gradient-based method generally demonstrated a higher consistency for all lesion types (-2.6% to 0%), without any significant difference detected between time points. On the contrary, FTV measured by threshold-based method were generally smaller on delayed time point, with relatively large decrease for LN and soft tissue lesions.


Table 2 | Median percentage changes in FTV of gradient-based and threshold-based segmentation methods.





MTB

MTB using gradient-based method generally demonstrated increases in all lesion types, ranged from 2.1% to 9.8%. Meanwhile, the changes using threshold-based method were diverse, ranged from -3.2% to 5.6% for threshold-40%, -8.1% to 7.4% for threshold-50% and -9.2% to 6.0% for threshold-60%. The increase observed for gradient-based method was compatible with the increase in tumour SUVmax.



Tumour SUVmax

Table 3 summarises the mean tumour SUVmax on early and delayed images. Increase in delayed SUVmax was observed [all p<0.05]. Mean percentage changes in SUVmax for intra-prostatic lesions, LN, bone lesions and soft tissue lesions were 10.2%, 11.1%, 12.0% and 10.0% respectively.


Table 3 | Mean tumour SUVmax ± SD on early and delayed images.





Uptake pattern

Majority of the lesions showed stable or increase pattern on delayed images, except a small proportion of intra-prostatic lesions (<2%), LN (<4%), bone lesions (0%) and soft tissue lesions (<4%) which demonstrated decrease pattern. There was a larger proportion of bone lesions in the post-prostatectomy group showing increase pattern, with a significantly larger mean percentage change in SUVmax than the newly diagnosed group (17.0% vs 9.3%, [p<0.05]).



Efficacy for contouring heterogeneous lesions

Threshold-based method showed inadequacy for delineating heterogeneous lesions. Figure 1 shows an example of gradient-based and threshold-based contours of a prostatic mass (early SUVmax 98). The threshold-based contours failed to include entire active sub-volume of the tumour no matter which threshold level was used, with a substantially smaller FTV and MTB when compared to the gradient-based contours. Figure 2 shows another illustration of gradient-based and threshold-based contours of lesions in bilateral prostatic lobes. Tumour in left prostate could not be delineated even though threshold level at 40% was applied to whole prostate. When contoured separately using different threshold levels, the extent of tumorous activity being delineated on right lobe using 40% was significantly lesser than left lobe using 60% and those on gradient-based contours. Gradient-based method demonstrated a higher level of confidence for delineating the entire tumour volume than threshold-based contours.




Figure 1 | Contouring of a heterogenous prostatic mass involving bilateral base-mid gland TZ and R apex (A) gradient-based, (B) threshold-40%, (C) threshold-50% and (D) threshold-60%. Early and delayed contours were overlaid on axial plane. Threshold-based method failed to delineate the whole tumour volume using all that threshold values applied. Gradient-based contours delineated the tumorous activity with higher level of confidence.






Figure 2 | Countours on coronal plane of a heterogenous prostatic mass involving bilateral prostatic lobes by (A) gradient-based and (B) threshold-based methods (right lobe: 40% in red; left lobe: 60% in yellow). Different threshold levels were applied because a single level could not delineate tumours in right and left prostate lobes, which resulted in large discrepancy in disease extent of contours. Gradient-based contours improved the delineation with higher level of confidence.






Discussion

The delineation of tumorous activity is a critical step during the translation of functional information on PET images to radiotherapy platform. The variations in metabolic parameters must be handled when treatment planning and disease monitoring are concerned. Fixing the exact uptake time is usually not feasible in clinical practice due to case scheduling, throughput and patients’ conditions. Therefore, addressing the variations from imaging work and measurement methodology can be another practical approach. Our results suggested that gradient-based method is more robust for tumour delineation and quantification on 18F-PSMA-1007 PET/CT. Having similar properties on targeting membrane glycoprotein overexpressed on prostate cancer cell surface with comparable detection sensitivity, common PSMA agents should exhibit similar image characteristics within their optimal uptake periods in which the working principles of the contouring algorithms are based on. Hence, our conclusions should be generalizable to other PSMA agents.

Although CT-based volume has been considered as standard of reference, contouring of prostate cancer lesions on CT images can be difficult and operator-dependent especially for lesions with ill-defined boundary and small size. Functional contouring using semi-automatic segmentation on PET images is an alternative. In our study, gradient-based method created contours for all lesions. Intra-prostatic lesions were the most difficult for threshold-based contouring. The lower completion rate can be attributed to the presence of nearby hot lesions and the lower lesion contrast. Although a higher threshold value can be useful, it results in shrinkage of tumour contour which may be unrealistic for gross tumour volume. In contrast, gradient-based method relies on the rate of change of neighbouring voxel values for edge detection, which is more versatile under challenging conditions. Tumour heterogeneity can be another issue for generating contours. Figure 1 shows an example of another problem in contouring of a heterogeneous intra-prostatic lesion using threshold-based method. The maximum voxel value is much higher than other active sub-volumes within the tumour. Threshold-based method failed to delineate the whole tumour volume using all the threshold values applied. The FTV and MTB were considerably smaller when compared to gradient-based method. Moreover, adjusting threshold level on lesions showing different tracer avidity of the same patient is sometimes necessary when they cannot be contoured using a single level, which subsequently requires manual correction because of a large discrepancy on disease extent in contours as illustrated in Figure 2. Gradient-based method has improved the delineation of heterogeneous tumours in both situations, which echoes with the findings from a recent study (8). Therefore, gradient-based method is more robust than threshold-based method in clinical setting.

SUVmax is known to vary with uptake time. Despite, the degree of variation as observed in this study (Table 3) may be less significant in clinical context when coexisted with inter-patient and intra-patient variability in PSMA biodistribution (24, 25). Notwithstanding, the repeatability of PSMA PET/CT was proven and shown to be similar to 18FDG PET/CT that has been extensively used clinically with confidence (26, 27). The effect of lesion contouring using common segmentation methods on volumetric parameters with such variation in SUVmax and image appearance is the main concern of this study. Gradient-based and threshold-based segmentation methods have been evaluated in various aspects including the accuracy for delineating true tumour volume verified by histopathological evidence, the accuracy of spatial measurement using phantom as well as the inter-operator difference. In fact, a threshold value between 40% and 60% is commonly adopted for PSMA PET/CT threshold-based lesion segmentation in RT planning (14, 28–31). A recent study reported that FTV measured by threshold-based method using 55% had the highest correlation to CT volume among other values for metastatic lymph nodes (16). Although our findings revealed that threshold value at 50% gives relatively stable FTV and MTB measurements, the use of threshold-based method becomes questionable under the variation in tumour volume that we observed (corresponding to the ~16-19% decrease in FTV of LN for threshold-based using 50-60% in Table 2). In addition, dynamic uptake patterns of oligometastasis on 68Ga-PSMA PET/CT was reported by a previous study showing a larger proportion (21%) of bone lesion with decreased uptake on delayed time point (23). This further suggests the limitation of using threshold-based method on 68Ga-PSMA PSMA PET/CT as it relies on direct computation on SUVmax. Furthermore, the accuracy of gradient-based method for volumetric measurement at high lesion contrast commonly seen on PSMA PET/CT has been validated recently (32). In this regard, gradient-based method is a better option with smaller variation.

Gradient-based algorithm can benefit the current practice in different ways, which relies heavily on manual drawing and threshold-based method. Gradient-based contour is 3-dimensional which has a high degree of operator independence. The uncertainty of margin delineation is relatively low when compared to simple numerical analysis. The reasonable computing time also enables handy and efficient contouring for clinical use. Nevertheless, there are some precautions when operating the tool on images. Firstly, it is difficult to select the same seed in active volume by eyeballing which may affect the analysis of the tumour activity profile and result in slightly different contours for repeating attempts. Secondly, single attempt may not be able to include the entire volume of a heterogeneous lesion, especially when the slope of activity gradient is not constant along its margin. Repeated drawing is necessary to append tumour volume that is missing on the original contour. Since the operation requires a certain level of human input and experience, user training is essential to standardize the practice within a workgroup. It is also important that contouring of low count lesion using gradient-based method is subject to a larger uncertainty because textual analysis is primarily affected by high image noise and low lesion contrast. Nonetheless, its performance is still better than threshold-based method under these challenging conditions.

MTB is an image-based quantification marker of tumour burden in oncology. It is often used for monitoring systemic therapy in prostate cancer. In PET image quantification, increase in SUVmax is usually associated with increase in SUVmean. Recalling the mathematical definition of MTB (the product of SUVmean and FTV), it is plausible that an increased tumour SUVmax together with a stable FTV will result in an increased MTB. Compared to the decrease in MTB of LN and soft tissue lesions using threshold-based method, the increase using gradient-based method can be explained. Therefore, gradient-based method should be more reliable than threshold-based method for the measurement of MTB. It is noteworthy that measurement error propagates by the multiplication of two factors with individual variability. Minimizing variations in these parameters would become more critical for clinical applications using MTB which should be specific and confined by the measurement methodology.

There are limitations in this study. Physiologic motions such as bowel movement and urine accumulation in bladder are inevitable, even if patients are requested to stay on scanner between the acquisitions. During the examinations, patients were repositioned for delayed imaging. The displacement of internal body structures and body positioning may deform soft lesions, causing inherent variation which is not related to uptake time. However, this limitation is also present in real clinical situations between simulation and subsequent treatments. It is also noteworthy that benign lesions could not be completely excluded from our samples without histopathological or longitudinal evidence. In view of this, the inclusion or exclusion of lesions was not purely determined by their tracer avidity. The clinical reporting performed by nuclear medicine physicians often took other clinical factors and concomitant image findings into consideration, such as CT appearance, overall disease extent and patient’s clinical history. Nevertheless, the true metabolic nature of lesion should have a relatively small impact on our findings about the consistency of functional contouring methods under the variation of PET imaging.



Conclusion

With a high completion rate, gradient-based method is reliable for prostate cancer lesion contouring on 18F-PSMA-1007 PET/CT. Under the influence of varying uptake time, it has smaller variation than threshold-based method for measuring volumetric parameters. Therefore, gradient-based method is recommended for tumour delineation and quantification on 18F-PSMA-1007 PET/CT.
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Background

The setup accuracy plays an extremely important role in the local control of tumors. The purpose of this study is to verify the feasibility of "Sphere-Mask" Optical Positioning System (S-M_OPS) for fast and accurate setup.



Methods

From 2016 to 2021, we used S-M_OPS to supervise 15441 fractions in 1981patients (with the cancer in intracalvarium, nasopharynx, esophagus, lung, liver, abdomen or cervix) undergoing intensity-modulated radiation therapy (IMRT), and recorded the data such as registration time and mask deformation. Then, we used S-M_OPS, laser line and cone beam computed tomography (CBCT) for co-setup in 277 fractions, and recorded laser line-guided setup errors and S-M_OPS-guided setup errors with CBCT-guided setup result as the standard.



Results

S-M_OPS supervision results: The average time for laser line-guided setup was 31.75s. 12.8% of the reference points had an average deviation of more than 2 mm and 5.2% of the reference points had an average deviation of more than 3 mm. Co-setup results: The average time for S-M_OPS-guided setup was 7.47s, and average time for CBCT-guided setup was 228.84s (including time for CBCT scan and manual verification). In the LAT (left/right), VRT (superior/inferior) and LNG (anterior/posterior) directions, laser line-guided setup errors (mean±SD) were -0.21±3.13mm, 1.02±2.76mm and 2.22±4.26mm respectively; the 95% confidence intervals (95% CIs) of laser line-guided setup errors were -6.35 to 5.93mm, -4.39 to 6.43mm and -6.14 to 10.58mm respectively; S-M_OPS-guided setup errors were 0.12±1.91mm, 1.02±1.81mm and -0.10±2.25mm respectively; the 95% CIs of S-M_OPS-guided setup errors were -3.86 to 3.62mm, -2.53 to 4.57mm and -4.51 to 4.31mm respectively.



Conclusion

S-M_OPS can greatly improve setup accuracy and stability compared with laser line-guided setup. Furthermore, S-M_OPS can provide comparable setup accuracy to CBCT in less setup time.





Keywords: S-M_OPS, CBCT, laser line, setup, radiotherapy



1 Introduction

Radiotherapy is an important treatment for cancer, which can be used alone or in combination with chemotherapy and surgery to improve patient survival or prolong life (1–3). And the accuracy of radiotherapy setup directly determines the effect of fractional treatment (2, 4). Nowadays, the most frequently setup method is using thermoplastic combine markers for the patient positioning in fractions, and re-acquiring images for the positioning verification when necessary (5, 6). Commonly used image acquisition technologies for setup include cone beam computed tomography (CBCT), electronic portal imaging device (EPID), magnetic resonance imaging (MRI), binocular X-ray image guidance (including implanted gold fiducial markers), etc. (5, 7). Among them, CBCT has become the most important imaging tool for the radiotherapy setup in the past several years considering its unique advantages: three-dimensional imaging, sufficient contrast and low radiation dose, etc. (8, 9). Recent studies have shown that acquiring image for positioning verification in each fraction is beneficial to improve positioning accuracy. But these image acquisition technologies not only make patients suffer from additional radiation, but also cause extra time consumption, burdening those countries and regions with insufficient radiotherapy resources (5, 10, 11). Taking China as an example, there were 4.57 million new cancer cases in 2020, accounting for 23% of the global new cancer cases (19.29 million cases) (12, 13). However, the rate of radiotherapy equipment per million population in China was only 1.5 (14), which was lower than the WHO requirement (4 devices per million population) (15). Furthermore, other low- and middle-income countries (LIMICs) have more scant radiotherapy resources (16). Therefore, considering the time consumption and additional radiation dose, the number of unnecessary image-guided setup should be generally minimized (17–19).

In view of the above problems, many new setup methods have been proposed, including Catalyst (20), Sentinel (21), ExacTrac (7, 22–24), etc. Catalyst and Sentinel use structured light to capture 3D surface of the patient, and register the acquired surface to the previous recorded one for setup error detection. ExacTrac is assisted by two orthogonal KV-level X-ray imaging systems. Although above methods adopt new technologies in clinic, the improvement of the speed, accuracy and stability is limited. In addition, for some daily setup methods, represented by the laser line, it is also difficult to achieve high-precision and high-stability tumor positioning.

In this study, in order to assess the setup speed, accuracy and stability of "Sphere-Mask" Optical Positioning System (S-M_OPS), we used S-M_OPS to collect clinical setup data, and used co-setup experiment of S-M_OPS, laser line and CBCT to verify the feasibility of S-M_OPS for fast and accurate setup.



2 Materials and methods


2.1 S-M_OPS

S-M_OPS is an infrared optical positioning system that enables non-invasive precise positioning during setup and real-time tracking during treatment (25). It adopts rigid registration, which has been proven reliable (26). S-M_OPS consists of the infrared binocular camera, thermoplastic mask, positioning spheres, and S-M_OPS treatment planning system (S-M_OPS TPS), which can provide functions such as calculation, registration, monitoring, recording and early warning.

Process of S-M_OPS can be mainly divided into preparation stage, planning stage and treatment stage, as shown in Figure 1:




Figure 1 | The workflow of S-M_OPS.



Preparation stage: The purpose is to record the position of treatment isocenter. The detailed procedures are listed as follows: 1) Through the stickum on the bottom of the spheres, fix an infrared positioning sphere on the front of the gantry arm and on the couch close to the linear accelerator, respectively; 2) Rotate the accelerator and the couch; 3) Track the positioning spheres by infrared binocular camera, and obtain the rotation axes of the accelerator and the couch; 4) Record the intersection of the two axes (or the midpoint of the common perpendicular line of the two axes) as the treatment isocenter. Note: Considering that the relative position between infrared binocular camera and couch is fixed, it is sufficient to register once. However, in order to reduce the influence of mechanical error on the setup accuracy, the isocenter position should be obtained once a day and the registration repeatability error of treatment isocenter should be kept within 0.5mm (If repeatability error is greater than 0.5mm, arrange for the staff to calibrate the accelerator).

Planning stage: The purpose is to acquire the position of planning isocenter, the relative positional relationship between positioning spheres, and relative positional relationship between the planning isocenter and the positioning spheres. The detailed procedures are listed as follows: 1) Immobilize the patient with the thermoplastic mask, and fix the positioning spheres on the thermoplastic mask permanently according to the standard sphere positions (as shown in Figure 2, the positioning spheres are located at the bony markers). 2) Perform the CT scan. 3) The physicist delineates PTV, defines planning isocenter (the intersection of the lead marks) and designs the treatment plan. 4) S-M_OPS TPS loads CT images and recognizes positioning spheres positions in the CT images. 5) S-M_OPS TPS loads the treatment plan and obtains the planning isocenter. 6) S-M_OPS TPS calculates the relative positional relationship between positioning spheres according to the positions of positioning spheres in the CT image. 7) S-M_OPS TPS calculates the relative positional relationship between the planning isocenter and the positioning spheres according to the positions of positioning spheres and the position of the planning isocenter.




Figure 2 | Reference positions of the positioning spheres in different parts (Upper left: top view; Upper right: skeletal diagram; Lower left: left view; Lower right: right view).



Treatment stage: The purpose is to calculate the setup error. The detailed procedures are listed as follows: 1) S-M_OPS uses infrared binocular camera to obtain the positions of positioning spheres in real. 2) According to positions of positioning spheres and the relative positional relationship between the planning isocenter and the positioning spheres (obtained in the planning stage), S-M_OPS TPS calculates the position of the “planning isocenter” in real, denoted as the S-M_OPS tumor center. 3) According to the treatment isocenter obtained in the preparation stage, S-M_OPS TPS calculates the deviation from the S-M_OPS tumor center to the treatment isocenter, denotes as the current setup error. 4) The radiotherapist can move the couch according to the setup error calculated by S-M_OPS TPS. 5) Meanwhile, S-M_OPS TPS can calculate the mask deformation according to the change of the relative positional relationship between positioning spheres.



2.2 Supervision setting and population

We cooperated with 12 hospitals in China (Appendix p1) from 2016 to 2021. Use S-M_OPS to supervise 15441 fractions in 1981 patients (with cancers in intracalvarium, nasopharynx, esophagus, lung, liver, abdomen or cervix) undergoing intensity-modulated radiation therapy (IMRT), and to record the data such as registration time, mask deformation and setup error.

Note: Registration time referred to the time for aligning laser lines to crosshairs on the thermoplastic mask. Mask deformation was defined as the geometric distance Li (  ) between the sphere i’s position Bi during the treatment stage and the sphere i’s position Ai during the planning stage (i = 1…N, N was the number of spheres supervised). The setup error referred to the laser line-guided error calculated with CBCT-guided setup result as the standard.



2.3 Co-setup setting and population

We randomly selected 277 from 15441 fractions mentioned above for the co-setup of S-M_OPS, laser line and CBCT. The specific clinical experiment flow is shown in Figure 3. In addition, we performed the preparation stage of S-M_OPS before each fraction, and confirmed the repeatability error was less than 0.5mm.




Figure 3 | The workflow of clinical co-setup experiment.



In this study, we arranged three physicists with more than 5 years of work experience for manual verification of CBCT automatic registration results, and took the average of the manual verification results as final CBCT registration result. As shown in Figure 4, the CBCT tumor center location (denoted as CBCT tumor center) was obtained from CBCT registration, the laser line tumor center location (denoted as laser line tumor center) was obtained from laser line registration and the S-M_OPS tumor center location (denoted as S-M_OPS tumor center) was obtained from S-M_OPS registration. Taking CBCT registration result as reference, we calculated the laser line-guided setup error (denoted as DLaser, as shown in Figure 4) and the S-M_OPS-guided setup error (denoted as DS-M_OPS, as shown in Figure 4). DLaser was defined as the deviation from the laser line tumor center to the CBCT tumor center, and DS-M_OPS was defined as the deviation from the S-M_OPS tumor center to the CBCT tumor center.




Figure 4 | Schematic diagram of CBCT tumor center, laser line tumor center, S-M_OPS tumor center, DLaser and DS-M_OPS.



For laser line-guided setup errors and S-M_OPS-guided setup errors, F-test was adopted to test for equality of variances. Statistical significance was defined as p<0.05.Note: In the co-setup study, patients were scanned with the BrillianceTM Big Bore CT Scanner (PHILIPS, Eindhoven, Netherlands), with 3mm slice thickness for head and 5mm for chest and abdomen. The treatment planning system was Pinnacle treatment planning system (PHILIPS, Eindhoven, Netherlands) and the CBCT was XVI system (Elekta, Stockholm, Sweden).

This study was approved by the hospital ethics committee. All patients involved provided written informed consent before participating into the study.




3 Results


3.1 S-M_OPS supervision results

1981 patients consisted of 1223 males (61.7%) and 758 females (38.3%), with average age of 63.6 years and a median age of 66 years. We finally obtained 4949 valid data of registration time, 15441 valid sets of mask deformation (a total of 78443 valid reference points) and 13827 valid sets of setup errors.

Registration time: The average time was 31.75s, the standard deviation (SD) was 29.42s, and the median was 22s. The specific distribution is shown in Figure 5A.




Figure 5 | (A) Histogram of setup time of laser line; (B) Histogram of mask deformation; (C) Histogram of setup error in the LAT direction; (D) Histogram of setup error in the VRT direction; (E) Histogram of setup error in the LNG direction.



Mask deformation: The data distribution is shown in Figure 5B: the average deformation was 1.14±1.16mm, and the median was 0.90mm. Among all the reference points, 87.2% were deformed by less than 2mm, and 94.8% were deformed by less than 3mm.

Setup error: Taking the S-M_OPS registration result as the standard, the laser line-guided setup error distributions in different directions were shown in Figures 5C–E. In the LAT, VRT and LNG directions, the 95% CIs of the setup errors were -3.75 to 4.42mm, -3.92 to 4.84mm and -5.50 to 4.51mm respectively, and the setup errors (mean ± SD) were 0.34±2.09mm, 0.46±2.24mm and -0.49±2.55mm respectively.



3.2 Co-setup results


3.2.1 DLaser and DS-M_OPS

The specific distributions of DLaser and DS-M_OPS are shown in Figure 6. In LAT (left/right), VRT (superior/inferior), LNG (anterior/posterior) and D  directions, the setup errors (mean±SD) of DLaser were -0.21±3.13mm, 1.02±2.76mm, 2.22±4.26mm and 5.36±3.58mm respectively, and the 95% confidence intervals (95% CIs) of DLaser were -6.35 to 5.93mm, -4.39 to 6.43mm, -6.14 to 10.58mm and -1.65 to 12.38mm respectively. The setup errors (mean±SD) of DS-M_OPS were 0.12±1.91mm, 1.02±1.81mm, -0.10±2.25mm and 2.94±2.09mm respectively, and the 95%CIs of DS-M_OPS were -3.86 to 3.62mm, -2.53 to 4.57mm, -4.51 to 4.31mm and -1.15 to 7.04mm respectively. It indicated that S-M_OPS-guided setup accuracy and stability were better than those of laser line-guided in all directions. The results of F-test were showed in Table 1. A significant difference favouring S-M_OPS in all direction was observed (p<0.01 in all direction).




Figure 6 | Distributions of DLaser and DS-M_OPS in the LAT (left/right), VRT (superior/inferior) and LNG (anterior/posterior) and D ( ) directions. (A) DLaser -LAT; (B) DS-M_OPS -LAT; (C) DLaser -VRT; (D) DS-M_OPS -VRT ; (E) DLaser -LNG; (F) DS-M_OPS -LNG; (G) DLaser -D; (H) DS-M_OPS -D.




Table 1 | Comparisons among laser line-guided setup errors and S-M_OPS-guided setup errors.





3.2.2 DLaser and DS-M_OPS of different parts

We subdivided 277 sets of data into cancer in intracalvarium (24 cases), nasopharynx (21 cases), esophagus (80 cases), lung (35 cases), liver (25 cases), abdomen (28 cases) and cervix (64 cases). The mean±SD of DLaser and DS-M_OPS of above parts in the LAT, VRT, LNG and D directions are shown in Table 1, and the 95% CIs are shown in Figure 7.




Figure 7 | 95% Confidence intervals of DLaser and DS-M_OPS in different parts in the LAT, VRT, LNG and D directions. (A) Intracalvarium; (B) Nasopharynx; (C) Esophagus; (D) Lung; (E) Liver (F) Abdomen; (G) Cervix.






3.3 Clinical setup consistency

In addition to the SD and 95% CI, clinical setup consistency is also a crucial index of the setup stability. The clinical setup consistency can be defined as the proportion of the setup error meets the setup requirements clinically. For different parts, the clinical setup consistency has different requirements. For head, neck and thorax, setup error less than ±3.0 mm can be considered to meet clinical setup requirement, and for abdomen and cervix, setup error shouldn’t be greater than ±5.0 mm (27–29). Figure 8 shows the laser line-guided setup consistencies and S-M_OPS-guided setup consistencies in different parts and directions. It showed that S-M_OPS could better meet the clinical setup requirements on various parts in all directions.




Figure 8 | Comparison between laser line-guide setup consistency and S-M_OPS-guide setup consistency in different parts in the LAT, VRT, and LNG directions (A) Intracalvarium; (B) Nasopharynx; (C) Esophagus; (D) Lung; (E) Liver (F) Abdomen; (G) Cervix.






4 Discussion

We can evaluate a setup method from multiple perspectives generally, such as setup accuracy, setup stability, setup time and safety. High setup accuracy and setup stability can reduce additional radiation and improve safety. The shorter setup time can not only reduce patients discomfort caused by prolonged immobility, but also greatly improve the utilization efficiency of radiotherapy equipment, which is especially important for countries with insufficient radiotherapy resources. From the supervised results, the mean time for laser line-guided setup was 31.75s. In addition, through our records, the mean time for CBCT-guided setup was 228.84s (including the time for CBCT scan and the time for manual verification of automatic registration results). The mean time for S-M_OPS-guided setup was 7.47s. We find compared with CBCT-guided setup, S-M_OPS-guided setup does not require time for imaging and manual verification, which reduces setup time significantly. What's more, the CBCT-guided registration result or the laser line-guided registration result is physicist-dependent, which can be affected by personal experience. In contrast, S-M_OPS adopts point-optimized registration algorithm. It can provide unique registration result based on mathematical optimization calculations.

In addition to setup time, the mask deformation is also often overlooked by radiotherapists. It is generally caused by patient’s wrong posture, inaccurate setup, respiratory movement and body size change. The data (Figure 5B) showed that 12.8% of reference points had an average deviation of more than 2 mm and 5.2% had an average deviation of more than 3 mm in fractions. Therefore, if the setup error is small but the mask deformation is large, it may result from the patient's wrong posture. So the patient should be re-immobilized. What’s more, after a long treatment cycle, there may exist some changes of the patient's body size. Under this circumstance, the thermoplastic mask should be reshaped and the radiotherapy treatment plan should be remade, especially for obese patients.

Throughout the co-setup experiment, in order to reduce the uncertainties caused by mechanical error and human factor, we performed the preparation stage of S-M_OPS first to reduce the uncertainty caused by linear accelerator. In addition, we arranged three experienced physicists for manual verification in order to exclude the influence of human factors. However, we took the mechanical error of laser line and the human factor of laser line-guided registration into consideration, because these uncertainties were unavoidable for laser line-guided setup.

First, according to Table 1, it showed that S-M_OPS provided better setup accuracy than laser line, especially in the LNG direction. This was mainly due to the presence of slice thicknesses of 2 to 5 mm in CT data. In the radiotherapy planning stage, the lead marks were fixed on the thermoplastic mask, and lead marks were imaged by CT. The intersection of lead marks in the CT image was the planning isocenter, and the positions of lead markers on the thermoplastic mask were the positions where laser lines were aligned. Ideally, the intersection of the laser lines should be the location of the planning isocenter for radiotherapy. However, due to the thickness of CT slices, the lead markers appeared in multiple consecutive slices, and the center of the lead marker was not necessarily imaged on a specific layer. So this will lead to a deviation from the selected planning isocenter to the ideal planning isocenter. And it would lead to the deviation from the selected planning center to the intersection of laser lines (ideal planning isocenter), especially in LNG direction. While S-M_OPS uses the positioning spheres with diameter of 11mm, which can be imaged by the CT and show up in at least 2 slices. According to different cross-sections’ diameters of the same positioning sphere on consecutive CT slices, S-M_OPS can accurately calculate the position of positioning sphere’s center in combination with the geometric relationship. Therefore, there is no necessity to image S-M_OPS positioning sphere center on a specific CT slice, which makes S-M_OPS provide high setup accuracy in the LNG direction. And it can also qualitatively draw the above conclusion from the supervision results of S-M_OPS (mean, SD and 95% CI of Figures 5C, D, E), which shows laser line-guided setup results and S-M_OPS-guided setup results have the largest difference in the LNG direction.

Second, according to the shorter confidence intervals (Figures 6, 7) and smaller SDs (Table 1), it also concluded that S-M_OPS could provide higher setup stability (p< 0.01 in all directions). High setup stability was attributed to the fact that S-M_OPS used multiple reference markers (6 positioning spheres) and selected 3 to 6 markers for registration. These selected marks were most consistent with the relative positional relationship between positioning spheres obtained during the treatment planning stage. So S-M_OPS is more likely to reduce setup errors and provides the higher setup stability.

Compared with the laser line, S-M_OPS significantly improved the clinical setup consistency in all parts. Especially in the areas with many bony structures such as the intracalvarium and pelvis, the setup consistencies of S-M_OPS all reached 100% in LAT, VRT and LNG directions. In addition, our experiments also showed that the S-M_OPS-guided setup consistencies were not prominent when applied in the esophagus and lungs, where S-M_OPS-guided setup consistencies were less than 90% in most directions. It was mainly due to the influence of respiratory movement, and deformation of thermoplastic mask was difficult to reflect the position changes of organs and tissue accurately. However, it might also be caused by the following reason: this study was based on CBCT-guided setup results, and CBCT was not suitable for monitoring intra-fraction motion considering the time spent on scan and reconstruction. Therefore, it remains to be further studied whether the S-M_OPS-guided setup consistency can be calculated based on CBCT-guided setup result in the esophagus and lung.

And finally, compared with the Sentinel, Catalyst and ExacTrac, S-M_OPS-guided setup errors were smaller than those of Sentinel and Catalyst in all parts and directions. And S-M_OPS-guided setup errors were smaller than those of ExacTrac in the vast majority of the setup results (shown in Table 2) (20–22, 30, 31). For Sentinel and Catalyst, the setup accuracy is mainly affected by the following three factors. First, there is not enough light reflected from the surface (20, 21). Second, due to the posture changes in different fractions, the surface is prone to deformation. Third, the surface is symmetrical along the VRT direction, which can affect the positioning accuracy in LNG and VRT direction (32). Different from Sentinel and Catalyst, S-M_OPS enhance the reflective light by coating positioning sphere’s surface with reflective material. Second, S-M_OPS used thermoplastic mask to immobilize the patient to maintain a relatively invariant posture. Third, the distribution of positioning spheres is asymmetric. Therefore, S-M_OPS-guided setup accuracy and stability are higher. For ExacTrac, it needs X-ray imaging to assist with setup. However, X-ray imaging not only brings additional radiation, but also takes a lot of time. According to Linthout N's clinical trial report, the average time of ExacTrac-guided setup was 191s (33), which was much greater than time consumption of S-M_OPS-guided setup (7.47s). In addition, in terms of the complexity of the operation, ExacTrac needs X-ray imaging. Sentinel and Catalyst need to adjust parameters (gain and integration time) (20, 21), but S-M_OPS doesn’t need additional operation, which bring convenience to radiotherapists.


Table 2 | Comparisons among S-M_OPS-guided setup errors, Sentinel-guided setup errors, Catalyst-guided setup errors and ExacTrac-guided setup errors.





5 Conclusion

In conclusion, the setup accuracy and stability of S-M_OPS are significantly higher than those of laser line, Sentinel, Catalyst and ExacTrac. What’s more, S-M_OPS has the comparable setup accuracy to CBCT and the shorter setup time, which is especially suitable for countries with insufficient radiotherapy resources.
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Purpose

The aim of this study is to develop an augmented reality (AR)–assisted radiotherapy positioning system based on HoloLens 2 and to evaluate the feasibility and accuracy of this method in the clinical environment.



Methods

The obtained simulated computed tomography (CT) images of an “ISO cube”, a cube phantom, and an anthropomorphic phantom were reconstructed into three-dimensional models and imported into the HoloLens 2. On the basis of the Vuforia marker attached to the “ISO cube” placed at the isocentric position of the linear accelerator, the correlation between the virtual and real space was established. First, the optimal conditions to minimize the deviation between virtual and real objects were explored under different conditions with a cube phantom. Then, the anthropomorphic phantom–based positioning was tested under the optimal conditions, and the positioning errors were evaluated with cone-beam CT.



Results

Under the normal light intensity, the registration and tracking angles are 0°, the distance is 40 cm, and the deviation reached a minimum of 1.4 ± 0.3 mm. The program would not run without light. The hologram drift caused by the light change, camera occlusion, and head movement were 0.9 ± 0.7 mm, 1.0 ± 0.6 mm, and 1.5 ± 0.9 mm, respectively. The anthropomorphic phantom–based positioning errors were 3.1 ± 1.9 mm, 2.4 ± 2.5 mm, and 4.6 ± 2.8 mm in the X (lateral), Y (vertical), and Z (longitudinal) axes, respectively, and the angle deviation of Rtn was 0.26 ± 0.14°.



Conclusion

The AR-assisted radiotherapy positioning based on HoloLens 2 is a feasible method with certain advantages, such as intuitive visual guidance, radiation-free position verification, and intelligent interaction. Hardware and software upgrades are expected to further improve accuracy and meet clinicalbrendaannmae requirements.





Keywords: radiotherapy positioning, augmented reality, image visualization, HoloLens 2, accuracy



1. Introduction

Radiotherapy is one of the primary treatments for cancers, and more than 50% of patients receive radiation therapy during the course of their illness (1, 2). A critical step of radiotherapy is lying the patient in the correct position on the couch of the linear accelerator for the accuracy of radiation dose delivery. Currently, patient positioning based on treatment room lasers and markers on skin or fixation devices is still routine in most radiotherapy departments. Many techniques were developed to improve the patient positioning accuracy, such as cone beam computed tomography (CBCT) and MRI-Linac. Although these techniques have improved patient positioning, there are some disadvantages: First, it makes radiotherapy more complex and expensive. Second, additional radiation dosages were delivered to the patient, which may cause unexpected consequences. Third, the complicated treatment procedures can increase the therapist’s workload, resulting in fatigue, such as fatigue caused by switching attention between printed treatment plans, screens, lasers, and markers. Last but not least, these techniques can only reflect the positioning errors at the time of scanning but cannot provide real-time and non-rigid positioning guidance (3, 4).

Augmented reality (AR) is a promising visualization technology developed on the basis of virtual reality. It allows people to experience a scenario where virtual and real objects coexist (5). In recent years, AR technology has been increasingly used in medicine, such as education and training (6–8) and hologram-guided surgery (9–11). Talbot et al. first utilized the AR technique to guide the positioning of radiotherapy patients (12), which was subsequently explored and improved by Tarutani et al. (13) and Johnson et al. (14). However, there are some limitations for these methods. On the one hand, the assembly based on display devices, cameras, and computing devices increases the complexity of the system, which is not conducive to convenient technical implementation. The user’s AR experience is significantly compromised due to the phantom’s AR contour being displayed on a two-dimensional screen. On the other hand, the virtual-real patient alignment is based on the operator’s human eye judgment, and there is a lack of effective object tracking methods.

Microsoft HoloLens 2 is a portable head-mounted AR device that integrates multiple necessary hardware and multi-functions such as computing, holographic display, and intelligent interaction, which may provide a solution with AR characteristics for patient positioning. In this paper, an AR-assisted patient positioning system based on HoloLens 2 was developed. A three-dimensional (3D) virtual model generated by treatment planning CT was anchored to the treatment position and visualized by the therapist with HoloLens 2. The innovation is that the therapist can adjust the couch under the guidance of this intuitive hologram and virtual coordinate derived from object tracking, until the real model and virtual model were registered. In addition, Vuforia SDK was used for isocenter calibration, virtual and real space coordinate system establishment, and patient tracking (15). The feasibility and accuracy of the system were evaluated in the clinical environment. As far as we know, our system is the first radiotherapy positioning method solely based on a head-mounted AR device, providing 3D object tracking and virtual coordinate indication.



2. Methods and materials


2.1 System overview

The system provides assistance for radiotherapy therapists to perform radiotherapy positioning under an intuitive holographic guidance. In our proposed AR-assisted method, HoloLens 2 was the only required hardware. Moreover, a proprietary SDK, Vuforia, was introduced and worked with the front-facing cameras of HoloLens 2 for automatic registration and real-time tracking, which improved the stability of anchored hologram in physical space to a certain extent and achieved good registration accuracy. In addition to system development and data preparation, we also designed a complete experimental process from optimal conditions exploration to phantom testing in the actual radiotherapy positioning clinical environment, as shown in Figure 1.




Figure 1 | The overall experimental for the proposed AR-assisted positioning system.





2.2 3D reconstruction and visualization of CT simulation image

One “ISO cube” (5 × 5 × 5 cm), one cube phantom (10 × 10 × 10 cm), and an anthropomorphic phantom (ATOM Dosimetry verification phantom) were used in this experiment. Lead markers were attached to the surface of phantoms according to the clinical routine. Vuforia markers were also attached to the “ISO cube” and two phantoms. CT simulation images were obtained with SIEMENS SOMATOM Confidence and uploaded to Varian Eclipse treatment planning system. Slice thickness was 3 mm. The treatment plan was formulated on the basis of the simulation CT. To simplify the experimental procedures, the reference points determined by three tiny lead markers were artificially defined as the isocenter. The DICOM RT images were exported to Python package and 3D Slicer programs to automatically reconstruct 3D models. Then, the 3D models and pre-designed user interface (UI) were imported into the AR scene and deployed to HoloLens 2 for holographic visualization (Figure 2).




Figure 2 | The flow from CT simulation image acquisition to holographic model visualization.





2.3 Registration between real and virtual space

The lasers have been professionally calibrated before the experiment. An “ISO cube” (5 × 5 × 5 cm) used for daily QA (quality assurance) was used as a “registration cube”, and it was placed at an isocentric position so that its geometric center coincided with the mechanical isocenter of the linear accelerator with the aid of room lasers and the mechanical front-pointer (Figure 3). After the therapist put on the HoloLens 2 and initiated the test procedure, the front-facing camera of the HoloLens 2 detected the Vuforia marker attached to the “ISO cube”, the virtual cube would automatically be registered to the “ISO cube” (Figure 3). The therapist could perform the voice command “fixed” or the gesture interaction (Figure 3) to anchor the virtual “ISO cube”, and the correlation between virtual and real space coordinates was established. At the same time, the holographic phantom would be displayed on the HoloLens 2 automatically.




Figure 3 | The establishment of the correlation between virtual and real space: precise placement of the “ISO cube” in the isocentric position with the aid of lasers and the mechanical front-pointer (A, B); automatic registration of virtual “ISO cube” and real “ISO cube” based on the HoloLens 2’s detection of Vuforia marker, and the arrow points to the virtual UI interface (C); the gesture interaction to anchor the correlation between virtual and real space (D).





2.4 Cube phantom and ATOM phantom test


2.4.1 Cube phantom test

Like the procedure for positioning “ISO cube”, a cube phantom (10 × 10 × 10 cm) was placed at the isocenter of the linear accelerator. After the HoloLens 2 detected the Vuforia marker attached to the cube phantom, the position coordinates of the Vuforia marker in the established virtual space coordinate system were displayed in the virtual UI interface. Meanwhile, the coordinates of the geometric center of the cube phantom were also calculated on the basis of the known space relationships between it and Vuforia marker and were displayed. The “Offset” in the virtual UI interface reflected the deviation between the virtual and real geometric center (Figure 4). In addition, the spatial deviation was calculated with the following formula, and the results were averaged to determine the overall error:

 




Figure 4 | Display of offset between virtual and real geometric centers in virtual UI interface (A) and the units of coordinate are in centimeters; the schematic diagram of partial exploratory conditions (B).



where X, Y, and Z denote the coordinates of the real geometric center in directions of lateral, vertical, and longitudinal, respectively, of the established virtual space coordinates. The factors that can impact the system’s accuracy were tested, including different angles, different distances, different room light intensities, and with or without camera occlusion and head movement (Figure 4). Different angles, including registration angles and tracking angles, refer to the angle between the HoloLens 2’s front-facing camera and the Vuforia marker on the “ISO cube” or the Vuforia marker on the cube phantom, respectively: 0° refers to the direction perpendicular to the Vuforia marker; 30°, 45°, 60°, and 90° are the included angles between the HoloLens 2’s front camera and the vertical direction, respectively, in the horizontal plane. The distances between the front camera of HoloLens 2 and the Vuforia marker are 30, 40, 50, 60, and 70 cm. The light intensity in the treatment room for daily use is divided into normal light intensity (405.0 Lux) and low light intensity (230.0 Lux). For camera occlusion, the therapist artificially covers the front camera of HoloLens 2 for a few seconds when the holographic phantom was displayed on the HoloLens 2. The spatial drift of hologram caused by light changes, camera occlusion, and head movement can be evaluated with the variations of the above formula:

 

where X1, Y1, and Z1 and X2, Y2, and Z2, denote the coordinates of the real geometric center before and after light intensity, camera occlusion, and head movement changes, respectively.



2.4.2 Anthropomorphic phantom test

An anthropomorphic phantom was used to test the HoloLens 2–based patient positioning system in the clinical environment (Figure 5). After the registration between real and virtual space was established under the optimal exploratory conditions and the holographic anthropomorphic phantom (blue model) in the treatment position was displayed, the therapist moved the treatment couch with the rough guidance of holographic phantom and the fine instructions of virtual coordinates until the virtual coordinates prompting 0,0,0. Then, CBCT was performed to evaluate the positioning errors (Figure 6).




Figure 5 | The AR scene of the therapist’s perspective shows a virtual anthropomorphic phantom in the treatment position.






Figure 6 | The registration between CBCT (A, D) and simulated positioning CT (B, C).





2.4.3 Statistical analysis

The experimental data were presented as mean ± SD and were analyzed by paired Student’s t-tests. P<0.05 was considered to represent a statistically significant difference.





3. Results


3.1 Exploration of optimal conditions

The factors affecting accuracy and stability were confounding, and a method of controlling variates was adopted in the measurement process. The registration angle, tracking angle, and tracking distance affect the recognition and tracking of the Vuforia marker, which has further influence on the coordinate construction and the spatial position accuracy of the holographic model in the AR scenes. For the registration angle and tracking angle, we tested the system performance at 0°, 30°, 45°, and 60°, respectively, with a total of 40 measurements; for the distance, we tested between 30 and 70 cm with a step of 10 cm, and the total number of tests is 50. In addition, the light intensity, camera occlusion, and head movement may affect the accuracy and stability of signal feedback and detection of the depth sensors. The tests for the above three factors were performed 20 times, respectively. The results are summarized in Tables 1–3. The results of different registration angles were first recorded under the conditions that the tracking angle was consistent with the registration angle, the distance was 50 cm, light intensity was normal, and there was no camera occlusion and head movement. The results showed that there was no significant difference between 0° and 45° (P = 0.84), and significant differences between 0° and other angles (as shown in Table 1). Because 0° was easier to control, it was chosen as one of the optimal conditions. Next, the results of different tracking angles were recorded under the registration angle of 0°, and other conditions were the same as above, demonstrating significant differences between 0° and other angles (as shown in Table 2). Therefore, the tracking angle was consistent with the registration angle, and both were 0°, which can be regarded as one of the best conditions for further exploration. Then, the results of different tracking distances were recorded under the conditions that the registration angle and the tracking angle were 0°, light intensity was normal, the space deviation was minimized to 1.4 ± 0.3 mm at a distance of 40 cm, and there were significant differences between 40 cm and other distances (as shown in Table 3). The results of different light intensity in the treatment room under above optimal conditions were recorded, demonstrating no significant differences between the normal and the low light intensity (P = 0.83). The hologram drift produced by the light changes is 0.7 ± 0.4 mm. However, the program will not work without lights. The hologram drift caused by camera occlusion and head movement were 1.0 ± 0.6 mm and 1.5 ± 0.9 mm, respectively (Table 4). On the basis of the results above, the optimal conditions can be summarized as follows: the registration angle and the tracking angle were consistent at 0°, the distance was 40 cm, light intensity was normal, and there was no camera occlusion and head movement.


Table 1 | Errors at different registration angles.




Table 2 | Errors at different tracking angles.




Table 3 | Errors at different tracking distances.




Table 4 | The hologram drifts are caused by the light intensity change, camera occlusion, and head movement.





3.2 Accuracy results of the anthropomorphic phantom

The positioning errors in the X, Y, and Z directions were 3.1 ± 1.9 mm, 3.0 ± 2.8 mm, and 4.6 ± 2.8 mm, respectively. In addition, the angle deviation of Rtn was 0.26 ± 0.14°.




4. Discussion

In this study, an innovative AR-assisted radiotherapy positioning system was developed with HoloLens 2 as the only core hardware and provided patient tracking and virtual coordinate indication for radiation therapist, instead of relying on the human eye for virtual-real alignment (12–14, 16). Compared with the related works, this improves the convenience (12, 16), accuracy (17), and practicality of AR guidance systems. The feasibility and accuracy of this method were evaluated in the actual clinical environment. Because of the high-precision requirement of radiotherapy positioning, it is necessary to fully explore the positioning method based on the HoloLens 2 and Vuforia SDK, avoiding the factors that increase the offset between the virtual object and real object. Opposite ideas were adopted in the two stages of the experimental process. We adopted fixing the real object and then watching the virtual coordinates to explore optimal conditions based on the cube phantom. On the contrary, in the anthropomorphic phantom positioning stage, the real object was transferred under the guidance of the virtual coordinates to simulate the actual process. The results from the optimal condition exploration stage show that some factors indeed influence the accuracy of the proposed AR-assisted system, such as the distance between HoloLens 2 and Vuforia marker, as well as the registration and tracking angles, which were related to the size and plane attributes of the Vuforia marker used, respectively. In addition, camera occlusion and head movement caused hologram drift, and the randomness of drift may be brought more significant positioning errors to a certain extent.

Furthermore, the change of indoor light intensity for daily use had no significant effect on the results. Our experiments found that the virtual coordinates were prone to fluctuations, so we obtained relatively stable readings. However, the optimal application conditions obtained were not fully and accurately applied to anthropomorphic phantom–based positioning tests, except for the registration step based on the “ISO cube”. For one thing, the acquisition of real-time coordinates depended on the real-time tracking of the Vuforia marker attached to the anthropomorphic phantom. However, it was difficult for the therapist to maintain the optimal distance, tracking angle, and stationary head. For another, unlike the cube phantom, although we used a relatively flat chest, the surface still has a specific curvature, which led to the pattern distortion of the Vuforia marker and may impact the recognition and tracking process. We also found that the heavier anthropomorphic phantom caused the bed to settle, unlike the lighter cube phantom. At the same time, the virtual phantom remained in its original position, resulting in an inherent positional deviation between the virtual and real phantom that ultimately affected positioning accuracy. The good thing was that the bed settlement could be roughly corrected according to the general outline of the virtual phantom.

The results of the anthropomorphic phantom showed that, although the accuracy is in millimeter scale, it is still not up to the requirements of clinical use at present. However, considering the advantages that this method does bring. First, the virtual 3D model is directly presented in the treatment position so that the patient positioning process is more intuitive and straightforward. Second, the decrease of CBCT frequency reduces the cost of treatment and non-treatment dose for patients. Third, the valuable information is presented in real time in virtual form, which realizes paperless and screenless and solves the problem of attention shift, and optimizes human ergonomics with the adjustment of virtual UI interface (18) in the process of positioning. Fourth, unlike CBCT, which can only collect position information at a particular moment, AR-assisted positioning can continuously monitor and correct the patient’s position. Fifth, in combination with other artificial intelligence technology can realize the automatic identification of patients or fixed appliances to avoid human error. Finally, it helps radiologists remotely guide the patient’s radiotherapy positioning and bring high-quality patient education by presenting previously invisible beams, target areas, and organs at risk.

Therefore, it is necessary for us to continue to explore ways to reduce the positioning error in future work. On the one hand, we will consider two or more HoloLens 2 to collaborate, share, and exchange information and realize the complementation of spatial information. On the other hand, considering the limitation caused by the planar Vuforia marker and inspired by the surface-guided radiation therapy technology, we will try to adopt binocular stereo vision or structured light to obtain the overall surface information of the phantom as the basis for 3D holographic image reconstruction. In the future, we look forward to advancing hardware and software to make automatic registration more accurate and the spatial hologram more stable.



5. Conclusion

We developed an AR-assisted positioning system for radiotherapy based on HoloLens 2 and evaluated its feasibility and accuracy. The results showed that the system’s accuracy is in millimeters, which roughly meets clinical requirements and still needs to be further improved. However, considering the advantages, including intuitive visual guidance, radiation-free position verification, and intelligent interaction, the proposed AR method has a promising future.
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Purpose

We investigated the feasibility of biology-guided radiotherapy (BgRT), a technique that utilizes real-time positron emission imaging to minimize tumor motion uncertainties, to spare nearby organs at risk.



Methods

Volumetric modulated arc therapy (VMAT), intensity-modulated proton (IMPT) therapy, and BgRT plans were created for a paratracheal node recurrence (case 1; 60 Gy in 10 fractions) and a primary peripheral left upper lobe adenocarcinoma (case 2; 50 Gy in four fractions).



Results

For case 1, BgRT produced lower bronchus V40 values compared to VMAT and IMPT. For case 2, total lung V20 was lower in the BgRT case compared to VMAT and IMPT.



Conclusions

BgRT has the potential to reduce the radiation dose to proximal critical structures but requires further detailed investigation.
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Introduction

In the last years, the role of stereotactic ablative radiation therapy (SABR) has expanded dramatically with clinical trials demonstrating an overall survival benefit of SABR for oligometastatic disease and early-stage lung cancer (1–3). One of the major limitations to expanding SABR to other systemic sites is the anatomic proximity of many tumors to critical structures that are particularly sensitive to radiation effects and severe toxicities associated with respiratory-induced tumor motion during SABR delivery (4). With improvements in image guidance radiotherapy, recent advances in radiation precision to reduce toxicity risk have included MR-guided radiation therapy with an increase in soft tissue visualization as well as real-time adaptive CT imaging (5, 6).

One approach to reducing surrounding normal tissue dose during SABR is to increase the precision of radiation therapy delivery. RefleXion Medical (Hayward, CA) aims to achieve this by utilizing outgoing tumor positron emission tomography (PET) imaging data to deliver a tracked dose to a moving target during the normal breathing cycle, a concept called biology-guided radiotherapy (BgRT). This may reduce the dose to sensitive structures without the need for additional motion management techniques. The first BgRT machine, known as RefleXion X1®, is FDA cleared for intensity-modulated radiotherapy (IMRT) and SABR, while the BgRT component is available for investigational use.

In addition, the role of the biological signature from PET images in characterizing oncological diseases (directed personalized medicine) cannot be overemphasized. Studies have shown that PET images plays a crucial role in generating robust clinical trial data to support response-adapted treatment, predict treatment outcome, and enhance tumor staging (7, 8).

In this study, we investigated the feasibility of the BgRT dose to various tumor-adjacent structures by performing a preliminary dosimetric comparison to two other modern radiation therapy techniques, volumetric modulated arc therapy (VMAT) and intensity-modulated proton therapy (IMPT), for two challenging thoracic tumors.



Methods and materials


About the RefleXion X1 system


RefleXion X1 radiotherapy machine

The RefleXion X1 radiotherapy machine is a linear accelerator (linac) architecture with an integrated PET, an MV detector, and a 16-slice fan beam kVCT subsystem, all mounted on a 60 RPM rotatable slip-ring gantry (Figure 1) (9). The linac component produces a 6-MV (flattening filter free) beam with a nominal dose rate of 850 cGy/min. The X1 has a high-speed binary multi-leaf collimator (MLC) with 64 leaves, each leaf having a 6.25-mm width at the isocenter to achieve a highly conformal treatment delivery. The PET subsystem of the X1 machine is designed to acquire PET emissions, which is useful for creating BgRT plans and guiding the beamlet delivery guidance in real time. It has two symmetrically opposed 90°C arcs of PET detectors with 64 scintillation multi-pixel counter (MPPC) modules on each arc. Animations illustrating the technology and machine design are available at the RefleXion website (10). For treatment delivery on the X1 machine, the system leverages on the couch which operates in 5 degrees of freedom and translates (in the IEC-Y direction) the patient through the therapy plane to deliver the therapeutic beam to the whole tumor length and also mitigate interplay effects.




Figure 1 | An overview of the X1 radiotherapy system showing the major components (without the couch component).





BgRT contouring

In standard treatment planning for respiratory induced tumor, the internal target volume (ITV) is contoured based on the tumor/gross tumor volume (GTV) motion extent provided by the 4DCT images during the simulation CT acquisition.

In contrast, BgRT planning uses a single-phase GTV to create a PTV from applying a biology-guidance margin (BgM) which accounts for intrinsic biologic guidance localization uncertainties to the GTV (Figure 2). A second volume generated is the biology-tracking zone (BTZ) which encompasses the motion extent of the GTV with addition of the BgM. The BTZ is not a treatment volume but the limiting region where the treatment dose would be delivered. It means that the PET signal from outside the BTZ would not be a useful information to guide the therapeutic beamlet delivery in real time. Due to the PET biological signature, a 3-mm BgM was chosen instead to account for biological localization uncertainties in the BgRT workflow and algorithm. In addition, a 4-mm isotropic expansion was included to account for the BTZ dose delivery region extent. These expansions were selected due to the spatial resolution of the RefleXion X1 PET detectors (11). The BgRT planning process consists of first defining the target coverage goals and organ-at-risk (OAR) constraints and subsequently calculating a fluence mapping from a planning PET image to achieve the desired dose objectives using the cost function optimization process.




Figure 2 | Schematic diagram showing the standard RT volumes (left) versus the BgRT volumes (8). IM, internal margin; SM, setup margin; BgM, biology-guided margin; BTZ, biology-tracking zone.





BgRT treatment planning system

BgRT delivers a radiotherapy plan to the tumor envelope using the annihilated photons emanating from the PET avidity tumor. It allows radiation dose delivery based on the collection and processing of PET data from a radiotracer that is injected into a patient on the day of treatment. In this way, BgRT uniquely utilizes radiotracer uptake as a biological beacon for targeting, tracking, and adjusting dose delivery in real time to account for target motion. Before treatment, patient PET data are collected to evaluate the patient’s candidacy for BgRT treatment. For 18F-FDG, the acceptable threshold for activity concentration (AC) and the normalized tumor signal (NTS) are 5 kBq/cc and 2.7, respectively. However, these metrics may change for non-FDG radiotracers.

The BgRT treatment planning system (TPS) is built to use the PET data to optimize the treatment plans. The first step in the treatment planning process is to import the CT simulation and CT-defined RT structures to the BgRT TPS. Then, the physician will define the prescribed dose objectives, and the patient is approved for PET data acquisition procedure on the X1 machine. Post PET data acquisition, the BgRT TPS algorithm will then use the acquired PET data to create a fluence map that will satisfy the prescribed dose objectives. In this study, the PET data used for BgRT planning were acquired on a third-party diagnostic static ring PET system (PET data from the institutional archive) and extrapolated to a rotating dual arc PET system on the X1 machine.



BgRT plan delivery

During BgRT delivery, the machine utilizes rapidly acquired “limited time sampled (LTS)” PET images to guide the beam using the mapping calculated during BgRT planning. The LTS imaging data include 500 ms of data acquisition but are updated every 100 ms in a sliding-window scheme. The average latency is around 400 ms and is compensated by adding a BgRT-related margin at the time of planning. This allows for tracked delivery to the target in real time as it moves within the BTZ. The updated LTS imaging data at the 100-ms interval is used to calculate a partial fluence, which is segmented into machine instruction to deliver the fluence until the whole planned dose is delivered to the PET-avid tumor. BgRT accounts for various treatment- and tumor-motion-related uncertainties, potentially allowing its safe use to treat tumors that are both close to critical structures and mobile (i.e., lung malignancies). A prior iteration of the BgRT algorithm has been published (9, 12).




Patients and dose rationale

Because 4D-PET/CT data were required in order to create BgRT plans at the time this study began, we accessed an archive of patients with available 18F-FDG-PET/CT data without iodine contrast collected through approved institutional review board (IRB 2008-0853). From this set, two patients with lung tumors amenable to SABR were selected for dosimetric analysis. All data were appropriately anonymized.

The first patient was a 76-year-old woman who had been treated twice with VMAT (once to 50 Gy in 10 fractions and the second time to 60 Gy in 10 fractions) for a right middle lobe bronchoalveolar carcinoma. Approximately 6 months after the second treatment, a recurrence developed in a right lower paratracheal node. This node was encompassed in the GTV, which was expanded to create the planning target volume (PTV), as described below. Plans for BgRT, VMAT, and IMPT were created with the goal of administering 60 Gy in 10 fractions (BED 96; α/β =10) to at least 95% of the PTV while attempting to minimize the dose to the aorta, bronchus, chest wall, and esophagus. This prescription was considered to be safe for using SABR to treat centrally located tumors and was recently confirmed by initial phase I results of RTOG 0813 data finding 12 Gy per fraction to be the maximal tolerated dose (13). In addition, our institution had published data validating the efficacy of treating central tumors in 10 fractions when unable to meet normal structure constraints for four fraction plans (14). This case was chosen for the difficulty in meeting normal-tissue dose constraints because of the retreatment and the dose overlap within critical structures.

The second treatment-plan comparison was for a 75-year-old woman with a newly diagnosed 2.5 cm × 2.5 cm lung adenocarcinoma in the left upper lobe, with close proximity to the chest wall. BgRT, VMAT, and IMPT plans were created to deliver 50 Gy in four fractions to at least 95% of the PTV while attempting to minimize the chest wall V30 and the dose to the left lung. This dose and fractionation produces a BED of 112.5, and BED ≥100 has been retrospectively found to produce an approximate 90% local control rate at 3 years (15).

Initial 4D positron emission tomography/computerized tomography (PET/CT) data were obtained with a GE Healthcare Discovery PET/CT 690.



Treatment planning parameters for all plans

Because the patients selected from an IRB imaging study, radiation planning was performed from the 4D-CT imaging previously obtained as part of the study described above rather than a standard CT simulation.

VMAT and IMPT plans were created using commercial treatment planning systems. BgRT plans were created using research treatment planning software (v2017, RefleXion Medical, Hayward, CA). The same planning goals and OAR constraints were used for planning across all modalities (BgRT, VMAT, IMPT). All three modalities for both patients were normalized such that PTV D95, the fraction of the prescription dose covering 95% of the PTV volume, was equal to the prescribed dose (Drx) in order to facilitate comparison of critical structure doses for all three modalities. A recent retrospective analysis of early-stage lung cancers treated with SABR noted higher rates of local control when PTV D95 BED10 was greater than 86 Gy, making PTV D95 an ideal normalization metric (16). D1 (fraction of the prescription dose that covers 1% of the PTV) was calculated for both cases to represent the maximum PTV dose, which was then divided by the prescribed dose to reflect differences in treatment heterogeneity.

For VMAT and IMPT plans, a GTV was contoured on a single phase from the 4DCT scan. No other 4D imaging was used to generate the treatment volume. For case 1, 6-mm isotropic expansions to generate the PTV from the GTV were chosen as mediastinal recurrences demonstrate minimal motion within 7 mm (17). Additionally, due to prior radiation treatment, smaller margins were chosen to minimize treatment volumes and prior dose overlap. For case 2, 8-mm isotropic expansion to generate the PTV from the GTV was utilized as upper respiratory tumor display minimal motion (18).


VMAT planning

Volumetric modulation was achieved by using two dynamic arcs per patient. The arc arrangement for case 1 consisted of a total of 356° geometry starting at 182° and ending at 178°. The arc arrangement for case 2 consisted of a total of 184° geometry starting at 352° and ending at 176°. Collimation per arc was chosen to maximize blocking adjacent structures while providing adequate treatment to targets.



IMPT planning

Scanning-beam IMPT plans were created by using an inverse-planning format and single-field optimization technique, meaning that each beam individually covers the target. Appropriately weighted objectives were used to maximize coverage and conformality while minimizing hot spots. Care was taken regarding beam selection to reduce exposure to normal tissues, particularly critical structures distal to the target.



BgRT planning

The BgRT plan used the same GTV as the VMAT and IMPT plan. However, because the BgRT can deliver a tracked dose of radiation to a moving target, the range of motion of the target does not need to be included in the PTV expansion.





Results

Table 1 summarizes results for the two patients. In terms of doses to critical structures for the first patient, BgRT delivered comparable maximum point doses of 1 cc of the aorta (BgRT 56.4 Gy, VMAT 61.2 Gy, and IMPT 53.9 Gy) and 5 cc of the aorta (47.9 Gy BgRT, 54.2 Gy VMAT, and 40.6 Gy IMPT). BgRT decreased bronchus V40 values (38.7%) compared to 43.7% for VMAT and 41.9% for IMPT, and bronchus D5cc doses (46.5 Gy BgRT) compared to 54.6 Gy VMAT and 51.3 Gy IMPT. BgRT esophageal V40 were lower (4.0%) than VMAT (10.6%) but higher than IMPT (1.7%), while the D5cc values were similar (1.8 Gy) to both VMAT (2.2 Gy) and IMPT (3.7 Gy). Similar degrees of treatment inhomogeneity (D1/Drx) were present in the BgRT (114.3%) and VMAT (113.1%) plans, but the IMPT plan was higher (121.2%). CT images with isodose lines and the corresponding DVH data are shown in Figures 3, 4.


Table 1 | Dose–volume statistics for the two clinical cases.






Figure 3 | Isodose line images for case 1, involving a right lower paratracheal node recurrence after two VMAT regimens for a right middle lobe bronchoalveolar carcinoma. Isodose lines depicted are 10 Gy (blue), 20 Gy (teal), 40 Gy (green), and 60 Gy (yellow). GTV is contoured in blue. PTV displayed in red (6 mm GTV expansion for IMPT and VMAT and 3 mm for BgRT).






Figure 4 | Dose–volume histogram for case 1.



For the second patient, involving SABR to the chest wall, the BgRT chest wall V30 (1.4%) was less than those of VMAT (3.6%) and IMPT (2.1%). Total lung V20 was also lower in BgRT (7.5%) compared to VMAT (10.8%) and IMPT (9.3%). The D1/Drx for the BgRT, VMAT, and IMPT plans were 114.9%, 108.6%, and 122.5%, respectively. CT images with isodose lines and the corresponding DVH data are shown in Figures 5, 6.




Figure 5 | Isodose line images for case 2, involving a newly diagnosed adenocarcinoma in the upper lobe of the left lung. Isodose lines depicted are 10 Gy (blue), 20 Gy (teal), 40 Gy (green), and 50 Gy (yellow). GTV is contoured in blue. PTV displayed in red (8 mm GTV expansion for IMPT and VMAT and 3 mm for BgRT).






Figure 6 | Dose–volume histogram for case 2.





Discussion

This preliminary treatment planning report investigated the feasibility of using BgRT to deliver a therapeutic beam to adjacent OAR and compare the dosimetric performance to VMAT or IMPT for the treatment of challenging thoracic tumors. Although BgRT uses traditional linac technology with an integrated PET subsystem, it represents an advancement in its consideration of both tumor motion and treatment-related uncertainties.

Our first case involved a paratracheal lymph node relapse after VMAT for two primary bronchoalveolar carcinomas in the right middle lobe. A retrospective evaluation of the composite dose to the aorta for 35 patients who received radiation as retreatment for NSCLC showed that composite doses of >120 Gy to 1 cc of the aorta correlated with high-grade aortic toxicity (19). The location of the primary (previously treated) lesions near the aorta in our first case (Figure 3) prompted us to evaluate the aorta dose. We found that BgRT and IMPT would produce similar maximum doses to 1 cc of the aorta and thus equivalent 1 cc composite doses. Additionally, a lower bronchus V40 (11% lower in the BgRT plan than VMAT and 8% lower than in the IMPT plan) could reduce the risk of radiation-induced bronchial necrosis (20, 21).

In the second case, we investigated radiation exposure to the total lung and chest wall for the treatment of an upper lobe tumor, a situation commonly encountered in the clinic. A previous investigation of SABR for thoracic tumors noted that a chest wall V30 greater than 30 cc was associated with higher rates of chest wall toxicity (22). Of the three treatment techniques examined here, the BgRT plans had lower V30 values (27.8 cc) compared to VMAT and IMPT (71.1 cc and 40.6 cc, respectively). BgRT had the lowest V20 for the total lung (7.5%) compared to IMPT (9.3%) or VMAT (10.8%), which is notable because higher lung V20 values are associated with increased risk of radiation pneumonitis (23). The ability of BgRT to reduce exposure of the chest wall and lung could reduce the risk of acute and chronic radiation-induced toxicity.

The primary goal of this study is to explore the feasibility and potential of BgRT to reduce nearby organ dose. Nevertheless, limitations are present in this dosimetric comparison study. Because we compared treatment plans for only two patients, no statistical comparisons were possible. Minor dose reductions to nearby critical structure obtained by BgRT may not translate to a clinical benefit. BgRT targets metabolically active tissue emitting a positron from 18F tagged to a modified glucose unit; however, elevated glucose metabolism occurs in a variety of conditions other than cancer (24). This could lead to mistreatment of falsely positive PET avid non-malignant conditions if not accounted. Finally, smaller PTV expansion margins for BgRT plans compared to IMPT and VMAT plans produce a smaller PTV volume which reduces the dose to nearby structures. Further experimental work is required to validate the safety of the 3-mm GTV expansion margins used to create the PTV for the BgRT plans. However, the purpose of the study was to explore the dosimetric reduction potential of BgRT due to its ability to track tumor motion and deliver radiation using PET signaling in real time, which prompted the use of smaller margins than conventional IMRT or VMAT planning. Finally, the authors acknowledge that although our model attempts to limit the doses to critical structures in the VMAT and IMPT plans, these dose distributions may vary slightly in 4D gated plans, which is currently under investigation.

Because BgRT utilizes positron emissions to target radiation, logistical obstacles remain when integrating the technology into clinical practice. Various steps in the workflow including imaging, dose evaluation, and BgRT delivery require further elucidation. Although radiation-induced inflammation tends to peak at several weeks after treatment, high avidity in surrounding areas that are inflamed after single-fraction high-dose radiation certainly poses an obstacle for use of BgRT (25). Because patients undergoing BgRT would require daily injections of a positron-emitting radioactive tracer, BgRT would ideally be suited for patients who need high-dose hypofractionated SABR treatment. The use of SABR has increased over the past decade especially in the setting of metastatic disease with or without immunotherapy (26–28). BgRT could be applied in the oligometastatic setting, improving the workflow and allowing SABR on a greater number of isocenters. Because BgRT may be able to target the GTV in real time, another possible approach to integrating it into clinical practice would be for weekly boosts to IMRT.

In summary, because BgRT can provide real-time radiation treatment independent of tumor motion, it has the potential to be the next logical progression toward increasing precision of radiation treatment. This preliminary investigation demonstrates BgRT’s dosimetric feasibility compared to non-gated VMAT and IMPT. However, further investigation effectively comparing BgRT to other photon and proton treatment modalities to learn if BgRT has the potential to reduce the dose to adjacent critical structures to a greater extent is needed. Given the necessity for daily tracer injections, BgRT is currently suited toward hypofractionated radiation. However, as this technology enters into the clinic, novel applications of BgRT into the classical 2-Gy per fraction course require exploration, potentially as a boost. Going forward, entirely new fractionation schedules could be developed specifically to exploit the benefits of BgRT.
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Parameters

mrTRG

mrTRG + NLR
mrTRG + LMR
mrTRG + PFR
mrTRG + CEA

mrTRG + all above four biomarkers

AUC (95% CI)

0.721 (0.589-0.830)
0.774 (0.647-0.873)
0.778 (0.651-0.876)
0.831 (0.711-0.916)
0.798 (0.674-0.892)
0.913 (0.810-0.971)

pCR

pY

0.0003

0.0001
<0.0001
<0.0001
<0.0001
<0.0001

PCR, pathologic complete response; mrTRG, tumor regression grade assessed by magnetic resonance imaging; CEA, carcinoembryonic antigen; NLR, neutrophil to lymphocyte ratio; LMR,

lymphocyte to monocyte ratio; AFR, albumin to fibrinogen ratio; PFR, prealbumin to fibrinogen ratio. CI, confidence interval.
2P are for the comparison of each AUC and that of mrTRG based on DeLong’s method.
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Variables Univariate analysis Multivariate analysis

OR (95% CI) P OR (95% CI) P

mrTRG

1-2 vs. 3-5 0.129 (0.038-0.432) 0.001 0.074 (0.011-0.499) 0.007
Pretreatment CEA (ug/L)

<30vs.>30 0.183 (0.055-0.608) 0.006 0.151 (0.025-0.913) 0.039
Pretreatment biomarkers

NLR 2,648 (1.202-5.834) 0.016 4.205 (1.175-15.052) 0.027
LMR 0.581 (0.396-0.851) 0.005 0.447 (0.212-0.939) 0.034
AFR 0.674 (0.456-0.997) 0.048 0.730 (0.379-1.403) 0.345
PFR 0.969 (0.941-0.998) 0.036 0.940 (0.896-0.987) 0.013

NCRT, neoadjuvant chemoradiotherapy; mrTRG, tumor regression grade assessed by magnetic resonance imaging; CEA, carcinoembryonic antigen; NLR, neutrophil to lymphocyte ratio;
LMR, lymphocyte to monocyte ratio; AFR, albumin to fibrinogen ratio; PFR, prealbumin to fibrinogen ratio. Cl, confidence interval.
Bold values mean that P-value is significant.
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Variables

Gender
Male
Female
Age
> 60
<60
BMI
> 24
<24

Distance from the anal verge (cm)

15,

<5

Clinical T stage
T1-2

T 3-4

Clinical N stage
N 0-1

N2

mrCRM

(+)

(=)

mrTRG

1-2 (Good)

3-5 (Poor)

Number (%) (n =59)

44 (74.6%)
15 (25.4%)

30 (50.8%)
29 (49.2%)

27 (45.8%)
32 (54.2%)

30 (50.8%)
29 (49.2%)

5 (8.5%)
54 (91.5%)

25 (42.4%)
34 (57.6%)

24 (40.7%)
35 (59.3%)

20 (33.9%)
39 (66.1%)

Pretreatment biomarkers levels [median (range)]

Serum albumin (g/L)
Serum prealbumin (mg/L)
Hemoglobin (g/L)
NLR

PLR

LMR

SIT

PNI

AFR

PFR

CEA

>3

<3

41.1 (33.1-49.2)
222.6 (149.9-345.5)
136 (73-147)

2.65 (1.46-4.55)
133.85 (50.23-562.50)
3.59 (2.03-9.00)
552.3 (241.66-1644.78)
41.11 (33.11-49.21)
18.19 (14.13-22.17)
95.95 (60.69-157.05)

41 (69.5%)
18 (30.5%)

PCR (n = 23)

41.2 (33.1-49.2)
251.5 (165.5-345.5)
134 (73-155)

2.17 (1.46-4.01)
155.19 (50.23-562.50)
4.76 (2.16-9.00)
488.43 (284.75-1625.63)
41.21 (33.11-49.21)
18.77 (14.84-22.17)
106.08 (75.23-157.05)

11
12

Non-pCR (n = 36)

29

18
18

19
17

21
15

32

14
22

18
18

30

40.95 (34.9-47.4)
2159 (149.9-332.0)
136 (94-174)

274 (1.46-4.55)
131.27 (77.1-348.57)
338 (2.03-8.61)
59847 (241.66-1644.78)
40.96 (34.91-47.41)
17.61 (14.13-20.04)
92.04 (60.69-144.98)

30

0.156

0.542

0.139

0.121

0.346

0.341

0.059

0.001

0.196
0.058
0.217
0.011
0.232
0.005
0.511
0.196
0.041
0.028

0.007

NCRT, neoadjuvant chemoradiotherapy; pCR, pathologic complete response; BMI, body mass index; MrCRM, mesorectal circumferential resection margin status; MrTRG, tumor
regression grade assessed by magnetic resonance imaging; NLR, neutrophil to lymphocyte ratio; PLR, platelet to lymphocyte ratio; LMR, lymphocyte to monocyte ratio; SII, systemic
immune-inflammation index; PNI, prognostic nutritional index; AFR, albumin to fibrinogen ratio; PER, prealbumin to fibrinogen ratio; CEA, carcinoembryonic antigen. Bold values

indicate that P-value is significant.
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mrTRG

mrTRG 1
mrTRG 2
mrTRG 3
mrTRG 4
mrTRG 5
Total

Valites aré expressed as nimber (%), PTRG; pathologic tiumor regression grade: mrTRG, fumor regression grade assessed by magnelic resonance imaging.

0

7 (77.8)

7 (63.6)

6(26.1)

3(214)
0

23 (39.0)

2(222)
3(27.3)
8 (34.8)
2(14.3)
1(50.0)
16 (27.1)

pTRG

2

0
100

4(174)

3 (214)
0
8(13.6)

0

0
5(21.7)
6 (42.9)
1(50.0)
12 (20.3)

Total

9 (15.3)
11 (18.6)
23 (39.0)
14 (237)
2(34)
59 (100.0)
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Clinical Characteristics

Dosimetric Characteristics

Age

Grading

TNM Classification
Staging

Beam 1 (MU)

Beam 2 (MU)

Beam 3 (MU)

Beam 4 (MU)

CTV volume (cc)
V95% PTV (%)
V105% PTV (%)
V20Gy Lung IPSI (%)
Mean Dose Heart (Gy)
Max Dose Spinal Canal (Gy)

Patient 1

53
G1
pT1b pNia
1A
409.7
224.8
251.1
248.3
955.8
98.2
0
15.6
0.97
0.54

Patient 2

51
G2
pT1b pNO
A
364.2
240.9
190
176.7
577
98.8
0
1241
07
0.52

Patient 3

63
G2
pT2m pNO
A
253.7
307.6
231.1
251
589.7
99.8
0
167
1.82
0.53

Patient 4

58
G1
pT1b pN1mi
B
405.3
323.5
254.7
194.9
835.8
98
0
18.2
0.94
07

Patient 5

69
G1
pT1b pNO
IA
317.8
290.5
296.2
319.6
1225.8
98.4
0
18.3
1.04
0.69
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Parameter Setting
Layer height 0.2 mm
Wall thickness 0.8 mm
Wall line count 2
Top/bottom thickness 0.8 mm
Top/bottom layers 4
Infill density 5%
Infill pattern Gyroid
Printing temperature 205°C
Build plate temperature 60°C
Enable retraction Yes
Print speed 70 mm/s
Z hop when retracted Yes
Enable print cooling Yes
Fan speed 100%
Build plate adhesion type Brim
Mold mode On
Minimal mold width 0.8 mm
Mold roof height 0.8 mm
Mold angle 60°
Supports Outside only
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-0.13,0.24], p = 0.74
-0.09, 032, p = 0.48
-0.33, 0.25], p = 0.89
I4 = 0.08 [-0.24,0.27], p = 0.82

fi69 = -0.21 [:0.39, -0.02], p = 0.09
fiey = 0.21(0.01,0.47], p = 0.10
fi69 = 0.16 [-0.04, 0.36], p = 0.19
63 = 0.23 [-0.08, 0.47), p = 0.07

fi63 = 0.01 [-0.17, 0.25], p = 0.94
Fles) = 0.38 [0.28, 0.64], p < 0.01
.21[0.08, 052, p = 0.09
.39 [0.26, 0.66], p < 0.01

Ite3) =
ez =

Kep

r60) = -0.08 [0.33, 0.19], p = 0.55
fi60) = 0.02 [-0.19, 0.27], p = 0.86
Iy = -0.13[-0.35, 0.13], p = 0.34
Iy = -0.09 [0.33, 0.19], p = 0.53

I6 = -0.06 [0.27, 0.15], p = 0.64
fi6y = 0.07 [-0.15,0.39], p = 0.56
r63) = 0.12 [-0.06, 0.32), p = 0.34
reg = 0.18 [-0.12, 0.43], p = 0.29

fi69 = 0.16 [-0.01,0.35], p = 0.21
Fie3) = 0.39 [0.19, 0.60], p < 0.01
Fie3) = 0.35 [0.16, 0.54], p < 0.01

Fes = 0.48 [0.27, 0.66], p < 0.001

Ve

ri60 = 0.19 [-0.05, 0.41], p = 0.15
-0.43,0.24], p = 0.34
I = 0.02 [-0.23, 0.27], p = 0.90
Ii69 = -0.08 [0.35,0.22), p = 0.58

Feg = -0.33 [-0.54, -0.11], p < 0.01
r(eg) = 0.33 [0.14, 0.57], p < 0.01
li6 = 0.04 [-0.16, 0.27], p = 0.75
fi63 = 0.20 [0.01, 0.40], p = 0.11

rsy = -0.13 [:0.29, 0.06], p = 0.29
Fes) = 0.37 [0.28, 0.62], p < 0.01
f69 = 0.190.02, 0.53], p = 0.12
Fley = 0.37 [0.24, 0.63], p < 0.01

The degrees of freedom are shown between parentheses and the confidence interval of the repeated measures correlation is shown between brackets. Bold values show significant

correlations (p < 0.05).
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3.the tip of the mandible (chin)

4 the left clavicle articulates with scapula
5.the right clavicle articulates with scapula
6.the second costal joint with the sternum

Neck

1.0.5cm left end of sternum

2.center of right clavicle

3.the second costal joint with the sternum
4 xiphoid process

5.left outer end of the ninth rib

6.right outer end of the ninth rib

Thorax

1.0.5cm left end of sternum

2 left outer end of the ninth rib
3.right outer end of the ninth rib
4.belly button

S.left hipbone alar

6.right hipbone alar

Abdomen

1.top of the left hipbone

2.top of the right hipbone

3.among the sacrum 4.lateral to the
junction of the left hipbone and femur
S.lateral to the junction of the right
hipbone and femur 6.the coccyx
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Tumor PZ TZ

D (10" s/mm?) 1.12 + 0.08 1.56 + 0.07 1.45 + 0.02
f 0.07 +0.02 0.09 + 0.01 0.10 £ 0.01
D* (10°® s/mm?) 35+ 12 28+3 322
fD* (10 s/mm?) 39+13 27+04 32+03
KIS (min™) 0.30 + 0.04 0.14 £0.02 0.19 £ 0.02
Kep (Min™) 0.58 + 0.09 0.29 +0.07 0.38 + 0.05
Ve 0.45 +0.08 0.25 +0.08 0.44 + 0.05

The IVIM parameters were acquired before irradiation, the DCE parameters were acquired
directly after receiving the first treatment fraction. Mean + standard error of the mean

(SEM) values of all patients are shown.
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To-weighted IVim DCE
Sequence type 3D-TSE ss-EPI 3D-FFE
Field of view (mm®) 400 x 448 x 250 430 x 430 x 60 220 x 251 x 60
Acquired voxel size (mm°) 12x12x12 3.98 x 3.98 x 4.00 2.62x2.62x7.00
Reconstructed voxel size (mma) 0.57 x0.57 x 1.2 1.92 x 1.92 x 4.00 1.57 x 1.57 x 3.50
Flip angle (°) 90 90 35
TR/TE (ms) 1300/129 2960/82 4.01.9
Fat suppression = SPAIR =
Parallel imaging (SENSE) factor 35 2.3 2
Acceleration factor 110 47 -
b-values (averages) (s/mm?) - 0(8), 30 (8), 150 (8), 500 (16) -
Phase encoding bandwidth (Hz/pixel) - 32.9 =
Gradient timings A/8 (ms) - 41.1/20.0 =
Dynamic scan time (s) - - 2:8
Number of dynamics - - 110
NSA 2 1 4
Acquisition time (m:ss) 5:48 511 5:04
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Patient characteristic

Age (years)

iPSA (ng/ml)

GFR (ml/min/1.7m?)
Pre-treatment
Post-treatment

ISUP

Median (range)

705 (53 - 82)
15 (8 - 38)

79 (67 - 107)

82 (65 - 110)

No. of patients
3

N WA o

iPSA, initial prostate specific antigen; GFR, glomerular filtration rate; ISUP score, prostate

cancer grading score.
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Field size Absolute and Relative dose Relative dose at distance Relative dose at distance Relative dose at distance
[cm x cm] at distance 5 mm [%] 10 mm [%] 20 mm [%]
0 mm [cGy/%]

1x1 168.8/100 7.3 47.5 34.9
2x2 177.2/100 95.7 77.9 61.6
3x3 194.5/100 95.6 85.8 753
4 x 4 195.6/100 98.5 93.0 87.5

6 x6 201.3/100 99.8 97.6 97.0
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Materials and programs

Name of product

Manufacturer

3D printer
3D printing software

Commercially available
bolus

Film dosimetry

Film dosimetry software
Linear accelerator

Modeling software

MOSFET
PLA coil
Slab phantom

Therapy planning system
Scanner

Silicone component 1

Silicone component 2

Slicing software

Silicone oil

Ultimaker S5
Ultimaker Cura, Version 4.4.1

Superflab, No. 8117-0.5

Gafchromic™ EBT3
Dose range, 0.1 cGy to 10 Gy

Film QA Pro 2015, Version 5.0.5603.15737

Siemens Primus Mevatron M 6 MV,
Elekta Versa HD™
Meshmixer, Version 3.5

MOSFET 20
PLA NX1, 2.85 mm, white
RW3 Slab Phantom

Pinnacle®®, Version 16.2
EPSON® Expression 11000XL

Wagnersil 9N
Premium Dubliersilikon 1:1
Additionsvernetzender
RTV-2K Silikonkautschuk
Wagnersil 9N
Premium Dubliersilikon 1:1
Additionsvernetzender
RTV-2K Silikonkautschuk
3D-Slicer, Version 4.10.2

Wagnersil S200
Hochreines, farbloses,
geruchloses Silikondl

The PLA coil in table 1 has a thickness of 2.85 mm.

Ultimaker B.V., Utrecht, Netherlands
http://ultimaker.com
(Open Source)
Mick Radio-Nuclear Instruments, Inc. An Eckert & Ziegler BEBIG Company, Mount Vernon,
USA
Ashland Advanced Materials, Bridgewater, USA

Ashland™ Inc., Covington, USA
ELEKTA Instrument AB, Kungstensgatan 18, 113 57 Stockholm, Sweden

Autodesk Inc.
www.meshmixer.com
(Open Source)

Thomson & Nielsen Electronics Ltd., Ottawa, Kanada
Extrudr, FD3D GmbH, Lauterach, Austria
PTW-Freiburg,

Freiburg im Breisgau, Germany
Philips Medical Systems, Hamburg, Germany
Seiko Epson Corporation,

Suwa, Nagano, Japan
Wagner Dental GmbH & Co. KG, Huckelhoven, Germany

Wagner Dental GmbH & Co. KG, Huckelhoven, Germany

Slicer Community
www slicer.org
(Open Source)
Wagner Dental GmbH & Co. KG, Huckelhoven, Germany
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Drift factors Light intensity change Camera occlusion Head movement

Mean (mm) 0.7 1.0 1.5
SD (mm) 04 0.6 0.9
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Reference  Study No. Characteristic Planning Imaging Type,contrast ~ Time Dose-response model and parameters
Type technique agent points

Fodeetal. PO 14 Age: (M) 72 IMRT (SBRT) PET/CT 1 month  linear model

(2017) LM 100% 45-60Gy 18F-FDG:100 (MBa) approximately -1.2% metabolic function per Gy, Dsg

©) g of 22.9 Gy/3 F

Wang et al. PO 14 Age: 44-83 SBRT (8) 33Gy SPECT 1 month  linear model

(2013) 10 HCC, 3CC, IMRT (3) 52Gy 9MTe-HIDA (10 mCi) approximately -0.33% of HEF per Gy

(10) 1M 3D-CRT 62Gy

Price etal. PO 15 - SBRT/PRT SPECT/CT 1 month  Gompertz model

(2018) HCC 100% NA 9MTe-Se () Maximum uptake median -0.11% per Gy, Dso 13Gy.

(45)

De Bari PO 6 Age: (M) 69 SBRT 30 Gy SPECT/CT 3 months  linear model

etal. 3LMand3 M Te-HIDA (200MBaq) mean -0.78% of perfusion per Gy

(2018) HCC

(46) PTV: 130 cc

Key, PO, prospective observational; M, mean; LM, liver metastases; HCC, hepatocellular carcinoma; %™ Tc-HIDA, technetium-99-mebrofenin (Tc99m) hepatobiliary iminodiacetic acid
(HIDA); CC, cholangiocarcinoma; HEF, hepatic extraction fraction (obtained from SPECT data); 8F.FDG, 2-[18F] fluoro-2-deoxy-D-galactose. 99mTe-Se, 99 Te-Sulphur colloid; PRT,

proton radiotherapy.
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Statistical significance P;: 40 cm vs. other tracking distances.
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a) Conventional anatomical planning radiotherapy

Reference Patients ReferenceType Characteristics Imaging type, Morbidity or correlation with CTP Prognosis
Plan technique, (RILD) after RT
Definition FL
Schaub 47 = HCC: 95.7% SPECT/CT (99mTc- 11 RILD (CTP +2) f-MLD/V20 (‘RILD-special survival,
etal. GTV: 33.43cm®  Sc) TLF and L/Smean (*CTP +2). AUC 0.74/0.78, cutoff 23Gy/36%)
(2018) ™) SBRT/PRT
©) CTP: 29A 18B/  >30% of max
o}
Bowen 30 - HCC 100% SPECT/CT (®™Tc-S¢) - LF (cutoff >0.30) (“OS)
etal. GTV: 15¢cm® (M) -
(2016) CTP 16A, 12B,  20%-70 % of max
(47) 2C
Nakamura 30 - HCC 100% MRI (Gd-EOB) W-LSC (*CTP +2, AUC 0.83, cutoff 1.88)  —
etal. CTP 26A, 4B SBRT
(2015)
(54)
b) Functional liver protection planning-guided radiotherapy
Reference  Patients  Reference Characteristics  Imaging type, Plan Morbidity or correlation with CTP (RILD) prognosis
Type technique, Definition after RT
FL
Fodeetal. 14 (15) PO mCRC 100%  PET/CT (*8F-FDG) No G3+ acute morbidity (No RILD) Last follow-up (M 16.6 mo), 1
(2017) o IMRT (SBRT) survived
7 10%-30% volume with
highest SUV
Long et al. 17 PO HCC: 100% SPECT @®™Tc-HIDA) 3 RILD (CTP +2, 6 mo); -
(2018) GTV: 29.5cc SBRT 10 patients developed decompensation
(44) CTP: 12A 5B 50%-100% max (Vbetsay, AUC 0.929, cutoff < 2.915%/
min/m?)
Logan et al. 10 PO HCC 100% SPECT/CT ®™Tc-Sc) 2 RILD (both CTP B8-9) OS (med) was 116 days;
(2016) 2 IMRT/PRT FLV (*OS, SPECT thresholds of
(48) CTP: 5A, 5B 20% to 50% of max 30%, 35%, 40%, 43%, and 45% of
max)
Kudithipudi 22 (39) PO HCC 100% SPECT (®™c-Sc) No RILD 0OS: 59% (2 years)
etal. PTV: 293.0cm®  SBRT/FSRT CTP score preservation rate 59% (1 year)
(2017) M) Related body surface
(51) CTP: 14A, 88 area
Hasan 32 PO HCC 100% SPECT (°™Tc-Sq) No RILD 0S: 87%/63% (1/2 years)
etal. CTP: 32A - 73%/56% retained CTP A (1/2 years)
(2016)
(652)
Shirai et al. 75 RO HCC with PVTT ~ SPECT (°™Tc-GSA) 8 RILD (CTP +2) 1 year, 2 years, 5 years OS were
(2015) GTV: 448.7cm®  3D-CRT V20 ("*CTP +1 vs. +2, AUC 0.792, cutoff 47.0%, 20.4%, 11.2%;
(53) (M) Areas of uptake 26.4%)
CTP: 39A 36B/  exceeds tumor
c
Lin et al. 10 PO HCC 100% MRI (Gd-EOB) No RILD -
(2019) PTV: 122.7 cm®  IMRT
(65) M) T1, high signal area in
CTP: 9A 1B HBP (20min)

Key, *, functional liver imaging more predictive risk of CTP +1/RILD (CTP +2) or prognosis; PO, prospective; RO, retrospective; FL(V), function liver (volume); M, mean; Med, median; mo,
months; CTP, Child-Turcotte-Pugh; OS, overall survival; SS, statistically significantly; +2, score increase >2; G2+, grade >2+; HCC, hepatocellular carcinoma; GTV, gross target volume;
AUC, area under the curve; NS, non-specified; mCRC, metastatic colorectal cancer; "8F-FDG, 2-[18F] fluoro-2-deoxy-D-galactose; SUV, standard uptake values; ®™Tc-Sc, %™ Tc sulfur
colloid: TLF, FLVXL/Smean; L/Smean, liver-to-spleen uptake ratio; LM, liver metastases; f-MLD, functional liver volume mean dose; BBT, broad biochemical toxicity (defined as a 50%
increase in each of the 3 measured liver enzymes); PRT, proton radiotherapy; %™ Tc-HIDA, technetium-99-mebrofenin (Tc99m) hepatobiliary iminodiacetic acid (HIDA); Vp.; say volume of
functional liver receiving less than 15 Gy; 720, functional liver volume receiving >20Gy; PVTT, portal vein tumor thrombus; " Tc-GSA, Tc-99 m-galactosy! human serum albumin; Gd-
EOB-DTPA, Gadolinium ethoxybenzy! diethylenetriamine pentaacetic acid: HBP, hepatobiliary phase; W-LSC, weighted liver-spleen ratio;
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Reference Patients ReferenceTypes Characteristics Technology,contrast Definition FL Benefit of FL sparing Comparing

agent,RT technique (% difference between means) planning
quality
Ohiraetal. 10(15) Article HCC 86% DECT (lodine) NID<0.46 *-MLD | 1.9 Gy No SS change
(2020) GTV: NS VMAT (SBRT) *V5 | 68.7 cc, 538 cc, 27.2¢cc, Cl, SSHIT;
3) 36.8-65Gy 133 cc No SS change
to OARs
Toya et al. 1% Article HCC 100% SPECT/CT (99mTc- 60%-80% of max *V56-20 | 1.5%, 2.1%, 1.4%, No S8
(2019) PTV:429cm3 GSA) 0.7% difference Cl, HI;
(5) M) VMAT (SBRT) No SS change
50Gy to OARs
Furukawa 10 Article HCC 100% SPECT (®™Tc-HIDA)  25%-100% max; *-MLD| 2Gy/3Gy; No 8S
et al. GTV: NS SBRT 50%-100% max *Vo<isay | 50%/41.9% difference Cl;
(2020) 40-50Gy Dose to OARs
(1) NS
Tsegmed 20 Article HCC 100% MRI (Gd-EOB) HBP L/S >1.5 *-MLD | 0.5 Gy SsClt;
etal. PTV:16.2cm3  IMRT (SBRT) *V5-20 | 3%, 3%, 1.9%, 0.7%  No SS change
(2017) 48Gy to OARs
(42)
Bowen 10 Article HCC 100% SPECT/CT (**™c-Sc) 43%-90% of L/S max *-MLD | 20% Dose to PTV or
etal. GTV: (M) 88 cm® VMAT/PBS OARs NS
(2015) 37.5-60Gy
(43)
Long et al. 17 Article HCC: 100% SPECT (**™Tc-HIDA) 50%-100% of max *-MLD | 1.18 Gy No S8
(2018) GTV: 29.5cc SBRT *NVp<isay 1 0.15% difference ClI;
(44) 27.5-50Gy Dose to OARs
NS
Simeth 10 Conference HCC 100% MRI (Gd-EOB) 36% to max *-MLD | 10.5% Dose to PTV or
etal. GTV: NS o OARs NS
(2018) 55Gy
(49)
Fode et al. 7 Article 6 mCRC/1 IHC ~ PET/CT("®F-FDG) 10%/20%/30% volume ~ *f-MLDJ 0.8/0.6/0.4 Gy; No SS
(2017) CTV: 25.1cc (M)  VMAT (SBRT) with the highest SUV Vb<isay 1 6%/4%/3% difference ClI;
(50) 45-56.25Gy Dose to OARs
NS
Lin et al. 10 Article HCC 100% MRI (Gd-EOB) T1WI, high signal areain  *f-MLD | 0.54 Gy No SS
(2019) PTV: 122.7 cm3  IMRT HBP (20min) *fV/5-20 | 0.41cm®,0.32cm®, difference Cl
(55) 50-62Gy 0.22 cm®, 0.14 cm® and H;
No SS change
to OARs

Key: *, denotes statistically significant result; No., number; FL, functional liver; mCRC, metastatic colorectal cancer; IHC, intrahepatic cholangiocarcinoma; "®F-FDG, 2-[18F] fluoro-2-
deoxy-D-galactose; SUV, standard uptake values; f-MLD, functional liver volume mean dose; Vp.1sa,, volume of functional liver receiving less than 15 Gy; SS, statistically significant; Cl,
conformity index; OARs, organs at risk; NS, non-specified; HCC, hepatocellular carcinoma; ™ Tc-HIDA, technetium-99-mebrofenin (Tc99m) hepatobiliary iminodiacetic acid (HIDA);
99mTe-Sc, #™Te-Sulphur colloid; PBS, proton pencil beam scanning; L/S, liver-to-spleen ratio; DECT, Dual-energy computed tomography; NID, normalized iodine density; fVx, functional
liver volume receiving >x Gy; HI, homogeneity index; MU, monitor unit; SC, spinal cord; PTV, planning target volume; Gd-EOB-DTPA, Gadolinium ethoxybenzyl diethylenetriamine
pentaacetic acid: HBP, hepatobiliary phase; T1WI, T1 weighted image. 1, increase; |, decrease.
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Anatomical Plan Functional Plan

Fode et al. 2017 57 4.3 7 4.9 3.8 i
Furukawa et al. 2020 10.5 4.4 10 8.5 3.8 10
Lin et al. 2019 11.33  3.12 10 10.79 297 10
Ohira et al. 2020 5.8 3 10 39 23 10

Tsegemed et al. 2017 54 29 20 4.9 2.7 20

Total (95% CI) 57 57
Heterogeneity: Tau? = 0.00; Chi? = 1.30, df = 4 (P = 0.86); 1= 0%
Test for overall effect: Z=1.74 (P = 0.08)

fv20
Anatomical Plan Functional Plan
Lin et al. 2019 262 1.16 10 248 1.04 10
Ohira et al. 2020 249 251 10 116 141 10
Toya et al. 2019 14.4 36 11 137 31 11
Tsegemed et al. 2017 6.4 4.2 20 57 3.6 20
Total (95% Cl) 51 51

Heterogeneity: Chiz = 0.82, df = 3 (P = 0.85); 1= 0%
Test for overall effect: Z = 1.28 (P = 0.20)
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DAP (dGy*cm?) Group 1 Group 2

Mean 67.4 25.3
SD 56.1 13.8
Minimum 10.9 9.0
Maximum 217.6 47.2
Count 18.0 14.0

DAP, dose area product.
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Group 1 Group 2
Mean 414 229
SD 8.7 4.7
Minimum 26.0 15.0
Maximum 56.0 30.0
Count 18.0 14.0
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Group Gender Age Number of lesions Side of lung Location of tumour Lobe of lung FMs inserted

1 M 50 1 Rt Central RLL 4
1 M 82 ] Rt Peripheral RLL 3
1 F 53 1 Rt Central RLL 4
1 F 88 1 Rt Central RLL 5
1 M 53 1 Lt Central LuL 4
1 M 88 1 Lt Peripheral LI 4
1 E 52 1 Lt Peripheral LLL 4
1 M 89 1 Rt Central RLL 4
1 M 88 1 Lt Peripheral LLL 5
1 F 53 1 Rt Central RUL 6
1 M 80 1 Rt Central RML 5
1 M 91 1 Lt Peripheral LUL 5
1 F 52 1 Rt Peripheral RML 6
1 M 84 1 Rt Peripheral RML 5
1 F 89 1 Lt Central LUL 5
1 F 48 1 Rt Peripheral RUL 6
1 M 65 1 Rt Peripheral RUL 4
1 M 65 ] Lt Peripheral LLL 5
2 F 54 2 Rt Peripheral RML 5
2 F 54 1 Lt Peripheral LLL 4
2 F 54 1 Lt Peripheral LLL 4
2 M 92 1 Rt Peripheral RLL 5
2 F 44 1 Rt Peripheral RUL 6
2 M 68 1 Rt Peripheral RLL 6
2 F 59 1 Lt Peripheral LLL 6
2 F 59 1 Lt Peripheral LuL 6
2 M 7 1 Lt Central LuL 6
2 M 52 2 Rt Central RUL 6
2 F 60 1 Lt Peripheral LuL 6
2 F 37 1 Lt Peripheral LLL 6
2 F 73 1 Rt Central RLL 6
2 M 52 2 Rt Central RUL 6

FMs, fiducial markers; RLL, right lower lobe; LUL, left upper lobe; LLL, left lower lobe; RUL, right upper lobe; RML, right middle lobe.
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LAT VRT LNG D

Mean + SD 4 Mean + SD P Mean + SD ?r Mean + SD P

All Laser 021 + 313 <10™"® 1.02 £2.76 <10 222£426 <10 536 + 3.58 <107
S-M_OPS 012 + 191 1.02 + 1.81 -0.10 £2.25 294 +2.09

Intracalvarium Laser 124 £1.52 001 022 £ 1.52 021 200 +2.56 <10 367+ 1.72 <10
S-M_OPS -0.66 + 0.94 032 +1.29 -0.03 £ 1.09 1.85 + 0.84

Nasopharynx Laser -1.20 + 1.40 0.02 0.13 + 1.91 003 209 +3.00 <10°® 392 +2.15 <10
S-M_OPS -0.64 + 0.8 125+ 1.26 -0.06 + 0.89 193 + 1.15

Esophagus Laser -030 +3.29 <10? 1.05 +2.36 029 2.18 + 3.46 <10® 5.10 + 2.83 <10
S-M_OPS 023 +2.32 095 222 -054 +1.78 3.15+217

Lung Laser 165 + 3.83 <10” 139 +2.21 0.06 291 +3.34 0.44 5.84 +3.02 045
S-M_OPS -0.40 + 1.86 121 + 1.68 0.03 £3.43 315 +3.08

Liver Laser 279 £2.10 0.06 202 £ 191 0.05 643 £5.15 <107 7.76 522 <10
S-M_OPS 1.87 + 1.51 1.67 +1.37 204 £ 1.55 354 +2.09

Abdomen Laser -0.28 +2.52 0.12 140 + 3.98 <10? 082 +3.28 043 493 +3.25 0.02
S-M_OPS -0.29 +2.01 -0.04 +2.01 -026 +3.17 364 +2.14

Cervix Laser -0.25 +3.16 <10 0.98 £ 3.49 <10 1.00 + 5.38 <10 579 £4.37 <10
S-M_OPS 073 £ 1.35 1.39 + 1.45 041 +1.94 278 + 1.58

Values are shown in mean + SD and p-value (F-test).
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Number of
patients (%)

Median age (range) 62 (39-87)
Sex

Male 33 (68.8%)
Female 15 (31.2%)
cT

2 7 (14.6%)
3 28 (58.3%)
4 13 (27.1%)
cN

0 13 (27.1%)
+ 35 (72.9%)
Median radiotherapy dose [Gy] (range) 55 (60-59.4)
Median interval between end of nCRT and surgery [weeks] 14.7 (6-31.4)
(range)

Surgical procedure

APR 4 (8.3%)
AR 32 (66.7%)
TEM/LE 2 (4.2%)
No surgery 10 (20.8%)
ypT

0 8 (21.1%)
1 2 (5.3%)
2 11 (28.9%)
3 17 (44.7%)
ypN

0 29 (76.3%)
+ 9 (23.7%)
pCR/cCR

Yes 16 (33.3%)
No 32 (66.7%)
CT type

With Oxa 17 (35.4%)
Without Oxa 2 (4.2%)
No 29 (60.4%)
2yDFS

Yes 40 (83.3%)
No 8 (16.7%)

CT, chemotherapy; pCR, pathological complete response; cCR, clinical complete
response; AR, anterior resection/low anterior resection; APR, abdominal-perineal
resection; TEM, transanal endoscopic microsurgery; LE, local excision; 2yDFS, 2 year
disease free survival.
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Variable Univariate analyses (logistic) Multivariate analyses (logistic) Multivariate analyses (stepwise)

p-value B p-value B p-value B

Sex (man vs. woman) 0.299 -0.527
Age (years) 0.615 -0.010
Smoking status

Current Reference Reference

Former 0.990 -17.806

Never 0.302 -0.506
KPS (<80 vs. >80) 0.080 1.256
BMI (kg/m?) 0.914 0.008
Clinical stage (I~I vs. ll~IV) 0.001 -2.132 0214 -1.284 0.034 -1.543
Location (central vs. peripheral) 0.252 -0.784
Histology

Adenocarcinoma Reference Reference Reference Reference

Squamous cell carcinoma 0.405 -0.597 0.733 -0.425

Unknown 0.020 -1.477 0.931 0.101

Equivalent diameter (cm) 0.197 -0.177
GTV (cm?) 0.184 -0.005
PTV (cm?) 0.140 -0.004
Chemotherapy (yes vs. no) 0.431 0.493
Lymphocyte (10%L) 0.056 0.698
Neutrophil (109L) 0.176 ~0.134
PLT (10°1) 0.006 -0.010 0.115 -0.009 0.038 -0.009
NLR 0.128 -0.135
PLR 0.011 -0.008 0.435 -0.004
Hb (g/L) 0.031 0.037 0.376 0.021
Immobilization device (vacuum bag vs. thermoplastic mask) 0.144 0.693
4DCT (yes vs. no) -0.851 0.109
BEDgs (<84.00 vs. > 84.00) (Gy) 0.001 1.728 0.659 0.530
BEDmex (<110.85 vs. >110.85) (Gy) <0.0001 2431 0.992 14.790
BEDPTVmin (<80.43 vs. >80.43) (Gy) 0.004 1.484 0.396 1.386
BEDPTVmax (<110.85 vs. >110.85) (Gy) <0.0001 2.351 0.992 -14.290
BEDPTVinean (<101.73 vs. >101.73) (Gy) <0.0001 2.128 0.727 0.616
BEDGTVmin (<98.79 vs. 298.79) (Gy) <0.0001 2.258 0510 0.848 0.009 1.699
BEDGTVnax (<103.87 vs. 2103.87) (Gy) <0.0001 1.983 0.891 -0.266
BEDGTVean (<97.06 vs. >97.06) (Gy) <0.0001 1.864 0.433 -1.752
BEDPTVimin/PTVmax 0.004 -11.277 0.062 -13.31 0.071 -7.661
BEDGTVimin/GTVimax 0.075 -12.134
Tumor site (primary vs. secondary) 0.398 -0.399

KPS, Karnofsky performance status; BMI, body mass index; PTV, planning target volume; GTV, gross tumor volume; PLT, platelet; Hb, hemoglobin; NLR, neutrophil-to-lymphocyte ratio;
PLR, platelet-to-lymphocyte ratio; 4DCT, four-dimensional computed tomography; BEDgs, the prescription dose covers 95% of the target area expressed as BED; BED gy, the maximum
dose in the whole plan; BEDPTV s, the minimum dose of PTV: BEDPTV mean, mean dose of PTV: BEDPTV max, the maximum dose of PTV; BEDPTV min/PTVmax, dose inhomogeneity in PTV;
BEDGTV.,,,,, the minimum dose of GTV: BEDGTV ., mean dose of GTV: BEDGTV,,,.,, the maximum dose of GTV: BEDGTV.,,,,,/GTV...,, dose inhomogeneity in GTV.
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Group Methods

Training LR
DT
SWM
Clinical
Combined
Validation LR
DT
SWM
Clinical
Combined

LR, logistic regression; DT, decision tree; SVM, support vector machine; AUC, area under the receiver operating characteristic curve (ROC); Cl, confidence interval.

AUC (95% CI)

0.811 (0.713-0.910)
0.832 (0.744-0.919)
0.796 (0.691-0.901)
0.845 (0.757-0.934)
0.911 (0.845-0.977)
0.702 (0.507-0.898)
0.629 (0.429-0.830)
0.714 (0.524-0.904)
0.786 (0.638-0.933)
0.818 (0.659-0.978)

p-value

0.000
1.000
0.000
0.000
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Patient 4-Hz motion waveforms* 8-Hz motion waveforms*

IMRT VMAT IMRT VMAT

ACOM? (mm) 2D” Dice 3D°Dice ACOM?® (mm) 2D°Dice 3D°Dice ACOM? (mm) 2D’ Dice 3D°Dice ACOM?(mm) 2D’ Dice 3D°Dice

1 0.25 0.98 0.99 0.25 0.98 0.99 0.06 1.00 1.00 0.06 1.00 1.00
2 0.31 0.97 0.98 0.31 0.97 0.98 0.07 1.00 1.00 0.07 1.00 1.00
3 0.64 0.88 0.93 0.64 0.88 0.93 0.17 0.98 0.98 0.17 0.98 0.99
4 0.47 0.94 0.96 0.47 0.94 0.96 0.11 0.99 0.99 0.11 0.99 1.00
5 0.25 0.98 0.99 0.25 0.98 0.99 0.06 0.99 0.99 0.06 0.99 1.00
6 0.42 0.96 0.97 0.42 0.95 0.97 0.12 0.99 0.99 0.12 0.99 1.00
7 0.40 0.97 0.98 0.40 0.97 0.98 0.07 1.00 1.00 0.07 1.00 1.00
8 0.40 0.93 0.95 0.40 0.93 0.95 0.10 0.99 0.99 0.10 0.99 0.99
AVG 0.39 0.95 097 0.39 0.95 0.97 0.10 0.99 1.00 0.10 0.99 1.00
STD 0.13 0.03 0.02 0.13 0.03 0.02 0.04 0.01 0.00 0.04 0.01 0.00

At both frequencies of the waveforms for both IMRT and VMAT, a sub-mm accuracy in COM and a greater than 0.95 Dice on average are achieved using the predictive strategy.
Additionally, as the prediction accuracy is higher at 8 Hz than at 4 Hz, the accuracy of tumor volume projection is also higher, suggesting the benefit of scanning 2D BEV cine at the highest
possible frequency.

%p-value <0.0001 for ACOM comparison between 4- and 8-Hz motion waveform.

52D Dice refers to the 2D tumor contour on the 2D BEV cine image. p-value < 0.005 for 2D Dice comparison between 4- and 8-Hz motion waveform.

°3D Dice refers to the tumor volume projection on the 2D BEV cine image. p-value <0.01 for 3D Dice comparison between 4- and 8-Hz motion waveform.

*No significant difference between ACOM, 2D Dice and 3D Dice in both frequencies of motion waveform.
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Patient Tumor motion and volume AR accuracy (mm)® LSTM accuracy (mm)®

Sl (mm) AP (mm) LR (mm) Vol (cc) Prediction Matched Prediction Matched

AVG? STD t(s) AVG? STD AVG? STD t(s) AVG? STD

1 3.6 6.7 241 52 0.03 0.03 0.52 0.05 0.068 0.14 0.12 1.87 0.19 0.13
2 9.1 8.0 52 16.2 0.05 0.04 0.51 0.06 0.05 0.20 0.17 1.85 0.22 0.16
3 6.6 55 89 8.8 0.08 0.06 0.50 0.10 0.07 0.15 0.12 1.93 0.19 0.13
4 3.7 4.5 4.1 25.1 0.06 0.05 0.51 0.07 0.08 017 0.13 1.89 0.20 0.14
5 3.5 241 241 35 0.04 0.04 0.51 0.06 0.04 0.11 0.09 1.90 0.13 0.10
6 6.0 8.9 9.9 10.0 0.10 0.09 0.50 0.14 0.11 017 0.14 1.93 0.20 0.14
7 8.1 8.4 6.5 64.1 0.05 0.04 0.50 0.07 0.05 0.15 0.12 1.92 0.16 0.11
8 5.2 27 5.3 12 0.06 0.07 0.44 0.09 0.11 0.30 0.45 1.89 0.37 0.51
AVG 5.7 59 55 16.8 0.06 0.08 0.50 0.08 0.07 0.18 0.17 1.80 0.21 0.18
STD 24 26 29 20.6 0.02 0.02 0.03 0.03 0.03 0.06 o1 0.03 0.07 0.14

The AR (autoregression) and LSTM (long short-term memory) prediction accuracy and performance, tumor motion, location, and volume, and the library matching errors are provided. The
AR method provides more accurate prediction results using less time than that of the LSTM method.

%p-value <0.001 in both prediction and matched accuracy between AR and LSTM.

bNo significant difference between prediction and matched accuracy using either AR or LSTM.
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Case 1

D1/Drx, %

Bronchus V40, % (cc)
Bronchus Dlcc, Gy
Bronchus D5cc, Gy
Aorta V40, % (cc)
Aorta Dlcc, Gy

Aorta D5cc, Gy
Esophagus V40, % (cc)

Esophagus Dlcc, Gy
Esophagus D5cc, Gy

Mean lung, Gy
Lung V20, %
Chest wall V30, %

Case 2

D1/Drx, %
Chest wall V30, % (cc)
Mean lung, Gy

Lung V20, %(cc)

BgRT

114.3
38.7 (6.0)
612
465
7.6 (10.8)
56.4
47.9
4.0% (0.6)
36.9
1.8

5.9
3.8
3.7

BgRT
115.0

14 (27.8)
47

7.5 (312.8)

VMAT

113.1
43.7 (6.7)

64.9
546
107 (15.2)
61.2
54.2
106 (1.7)
494
22

6.1
4.5
5.2

VMAT

108.7
3.6 (71.1)
5.7

10.8 (449.0)

IMPT

1212
41.9 (6.5)

64.9

513
3.5(5.0)
539

40.6
1.7 (03)

299
37
45
45
26

IMPT
1226

2.1 (40.6)

46

9.3 (385.1)
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Patient Diaphragm motion 4DMRI libraries AR accuracy (mm)® LSTM accuracy (mm)®

mm)
) Inhale Exhale Prediction Matched Prediction Matched
phases phases
AVG® STD t(s) AVG® STD AVG® STD t(s) AVG® STD
i 16.8 89 122 0.24 020 044 0.30 0.20 0.42 028 147 0.47 0.32
2 12.9 97 118 0.26 020 044 0.31 017 0.59 0.55 1.46 0.62 0.58
3 20.7 108 110 0.44 036 044 0.47 0.36 0.88 070 150 0.93 0.70
4 14.4 108 111 0.45 032 044 0.48 0.35 061 0.39 1.49 0.64 0.38
5 9.6 101 17 0.25 0.19 044 0.31 0.18 0.24 0.21 1.45 0.27 0.21
6 16.8 114 102 0.33 028 044 0.47 0.49 0.64 0.61 1.47 0.65 0.63
7 1.6 95 122 0.42 024 044 0.42 0.26 075 0.48 145 0.78 0.51
8 29.1 92 125 0.47 049 044 0.63 0.49 0.81 134 145 0.97 1.24
AVG 16.2 100.5 115.9 0.36 029 044 0.42 0.31 0.62 057 147 0.67 0.57
STD 6.2 8.8 77 0.10 0.10 0.00 0.11 0.13 0.21 035 0.02 0.23 0.32

The AR (autoregression) and LSTM (long short-term memory) prediction accuracy and performance, diaphragm motion, two TR-4DMRI libraries in the inhalation and exhalation, and the
library matching errors are provided. The AR method provides more accurate prediction results using less time than that of the LSTM method.

Tp-value <0.02 for both prediction and matched accuracy between AR and LSTM.

®No significant difference between prediction and matched accuracy using either AR or LSTM.
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TLG measured at

Pretreatment
1st week
2nd week
3rd week
4th week

Sensitivity

0.89
0.61
0.70
0.64
0.78

Specificity

0.75
1.00
1.00
1.00
1.00

F1 score

0.92
0.76
0.83
0.78
0.88

AUC [95 CI]

0.86 (0.64, 1.00]
0.77 [0.50, 1.00]
0.80 (0.60, 1.00]
0.82[0.61, 1.00]
093 (0.7, 1.00]

0.009
0.078
0.050
0.024
0.008

ROC, receiver operating characteristic.
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MTV measured at

Pretreatment
1st week
2nd week
3rd week
4th week

Sensitivity

0.59
0.61
0.70
0.57
0.61

Specificity

1.00
1.00
0.70
0.82
1.00

F1 score

0.74
0.76
0.83
0.88
0.76

AUC [95 CI]

0.81[0.60, 1.00]
0.75 [0.51, 1.00]
0.80 0.58, 1.00]
0.74 [0.43, 1.00]
0.81[0.56, 1.00]

0.024
0.091
0.050
0.073
0.050

ROC, receiver operating characteristic.
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SUV,,ax measured at

Pretreatment
1st week
2nd week
3rd week
4th week

0.89
0.91
0.52
0.32
0.83

Specificity

0.75
0.67
1.00
1.00
0.67

F1 score

0.92
0.93
0.68
0.48
0.88

AUC [95 CI]

0.7 (0.38, 1.00]
0.72 [0.26, 1.00]
0.72 [0.47, 0.97)
0.61 [0.30, 0.93]
0.74[0.37, 1.00]

0.047
0.121
0.127
0.250
0.111

ROC, receiver operating characteristic.
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Sensitivity Specificity F1 score AUC [95 CI] P
DRM; 0.78 1.00 0.88 0.86[0.67, 1.00] 0.027
DRM_ 0.89 1.00 0.94 0.93[0.82, 1.00] 0.008
DRMg 0.87 1.00 093 0.95[0.87, 1.00] <0.001
DRM, 1.00 1.00 1.00 1.00[1.00, 1.00] <0.001
DRM;, 091 1.00 0.95 0.94[0.85, 1.00] 0.021
DRM;3 0.94 1.00 097 0.96[0.88, 1.00] 0.006
DRM4 1.00 1.00 1.00 1.00[1.00, 1.00] 0.016
DRMz3 091 1.00 0.95 0.94[0.84, 1.00] 0.002
DRMo4 1.00 1.00 1.00 1.00[1.00, 1.00] 0.003
DRMg4 1.00 1.00 1.00 1.00[1.00, 1.00] 0.002

DRM; = DRM estimated using the feedback image acquired at ith treatment week.
ROC, receiver operating characteristic; AUC, area under the curve; DRM, dose-response matrix.
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Median age (year) 63 (46-83)
Gender

Male/female 26 (83.9%)/5 (16.1%)
Primary site

Base of tongue 15 (48.4%)
Tonsil 8 (25.8%)
Supraglottic 4 (12.9%)
Unknown 2 (6.5%)
Aryepiglottic fold 1(3.2%)
Nasopharynx 1(3.2%)
Clinical stage

I 2 (6.5%)
Il 5 (16.1%)
v 2 (6.5%)
IVA 21 (67.7%)
VB 1(3.2%)
Clinical T stage

1 2 (6.5%)
2 17 (54.8%)
3 6 (19.4%)
4 2 (6.5%)
X 4 (12.9%)
Clinical N stage

0 1 (3.2%)
1 4 (12.9%)
2a 2 (6.5%)
2b 15 (48.4%)
2c 7 (22.6%)
Unknown 1(3.2%)
HPV status

Negative/positive/unknown 6 (19.4%)/23 (74.2%)/2 (6.5%)
Smoking

Non-smoker 10 (32.2%)
Light smoker (<10 pack-year) 7 (22.6%)
Heavy smoker (>10 pack-year) 14 (45.2%)

HPV, human papillomavirus.
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Validation phase

Simulation phase

Prediction phase

Purpose

Data
Method

Primary
result

Validating the virtual spacer platform

4 cases with pre-post-injection pair scans
Post-injection spacer distribution simulated
in pre-injection

FEMOSSA was fine-tuned for virtual
duodenal spacer

Studying the correlation of spacer location and
benefits

20 cases of pancreatic cancer patients

4 scenarios of virtual spacer were simulated, and RT
plans designed

Spacer benefits highly depend on spacer location

Designing a decision support system for duodenal
spacer

Dosimetric analysis from simulation phase

A Bayesian-based predictive model was created

The model predicts the optimal scenario and
expected benefits of spacer
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Structures Metric
cTvV D5000cGY(%)
V105(%)
D2cc (cGy)
Heart V20(%)
V30(%)
D mean (cGy)
NTCP (%)
LAD Dmean (cGy)
LV Dmean (cGy)
Ipsilateral Lung V5(%)
V20(%)
V30(%)
Dmean (cGy)
Lungs V5(%)
V20(%)
Dmean (cGy)
NTCP (%)
Contralateral Lung V5(%)
V20(%)
Dmean (cGy)
Contralateral Breast V5(%)
Dmean (cGy)
SCCP (%)
MUs
TD Time(s)
MF

Conventional P Value

After Setup Error P Value

VMAT VS

IMRT

<.001*
<.611
<.009*
<.006*
<.001**
<.007*
<.001*
<.001*
<.001*
<.001*
<.001*
<.001*
<.001*
<.032*
<.006*
<.001*
<.001*
<.002*
<.001*
<110
<.817
<.024*
<.024*
<.001*
<.001*
<.001*

IMRT VS
H-VMAT

<.086
<.012*
<.012*
<152
<.166
<.936
<.001*
<.344
<.445
<.005*
<.287
<.006*
<.244
<.017*
<.251
<.003*
<.001**
<.241
<.045*
<.685
<.205
<.081
<.081
<.001**
<.001*
<.001**

VMAT VS
H-VMAT

<.001*
<.044*
<.001*
<.001*
<.001**
<.009*
<.001**
<138
<.092
<.011*
<.001*
<.001*
<.001*
<.809
<.100
<197
<.001**
<.006*
<.001*
<.046*
<.046*
<.059
<.059
<379
<.873
<.388

VMAT VS
IMRT

<.001**
<17
<.029*
<.370
<.038"
<158
<.001**
<.013"
<.039"
<.001**
<.032*
<.028"
<.077
<.001*
<112
<.009*
<.001**
<119
<.001**
<133
<.508
<.001**
<.024*

IMRT VS
H-VMAT

<.001*
<.019*
<.001**
<.256
<.264
<.867
<.001*
<.043*
<.003*
<.001*
<.841
<.033"
<.858
<.001**
<.247
<.076
<.001**
<.487
<.001*
<.836
<.836
<.334
<.340

VMAT VS
H-VMAT

<.428
<.324
<.001*
<.044*
<.002*
<218
<.001**
<.044*
<.871
<.682
<.019*
<.949
<.052
<.543
<.007*
<.390
<.001**
<.383
<.017*
<.088
<.605
<.018"
<.185

*The P-value is lower than 0.05.
** The P-value is lower than 0.001.
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Structures

cTv

Heart

LAD
LV
Ipsilateral Lung

Lungs

Contralateral Lung

Contralateral Breast

MUs
TD Time(s)
MF

Metric

D5000cGy(%)
V105(%)
D2cc (cGy)
V20(%)
V30(%)

D mean (cGy)
NTCP (%)
Dmean (cGy)
Dmean (cGy)
V5(%)
V20(%)
V30(%)
Dmean (cGy)
V5(%)
V20(%)
Dmean (cGy)
NTCP (%)
V5(%)
V20(%)
Dmean (cGy)
V5(%)
Dmean (cGy)
SCCP (%)

Conventional

VMAT

98.67 + 0.6
53.86 + 9.9
5423.28 + 36.34

5.34 +2.56
213 +£1.44
534.8 £ 108.3
.0003 + .0008
2890.48 + 769.4
576 +215.8
512+38
22.2+239
13.66 + 1.7
1192.03 + 91
47.18 £5.73
11.4+237
833.09 + 98.12
.01 £ 0.005
43.37 £ 11.75
277 +1.66
576.70 + 112.6
74.14 +20.74
711.75 + 160.14
2 +0.429
746.25 + 81.6
168.62 + 13.8
373 £0.41

IMRT

96.97 + 1.28
42.93 £ 1.28
548217 + 58.8
11.02 + 4.25
715 £327
672.58 + 178.2
21 £ 0.06
3847.1 + 883.9
961.5 + 246.1
52.95 + 10.27
296+ 4.7
2175+ 3.2
1490.8 + 171.5
27.52 + 8.5
18.77 + 3.95
16l d2x2171
.2+ 0.904
6.64 £ 6.7
017 +0.4
161.07 + 84.2
26.5+21.6
357.6 +242.3
1.05 + 0.65
2098 + 258.4
365.7 £ 29.8
105 +1.29

H-VMAT

98.31 +1.75
49.5 +14.3
5421.8 + 77.75
1239 £ 5.5
8.63 +4.21

679.4 + 175.63
004 +0.012
3606.4 + 792.4
980.97 + 282.6
50.49 + 6.11
28.81+5.8
22.84 +5.28
1399.9 + 212.1
38.86 + 5.488
13.03 + 3.21
837.1 £ 124.06
.05 £0.18
285+83
0.18 +0.29
374.65 + 78.22
11.62 +£17.18
354.03 + 1.05
1.049 + 0.47
742.34 + 69.6
169.5 + 16.9
3.71+0.34

VMAT

95.51 + 3.49
43.67 £ 12.62
5425.52 + 66.3
7.86 + 4.25
3.75+£2.8
626.3 £ 174.9
.01 +£0.02
3021.1 + 1081.9
717.73 £ 166.2
52.47 + 4.63
24.21 £3.58
16.67 + 5.6
1280.82 + 149.3
48.10 £ 6.57
12.25 + 3.04
892.49 + 128.71
.024 + 0.054
45.4 £ 9.94
3.02 £1.77
592.6 + 120.03
73.82 +20.44
699.54 + 132.01
2.01 £0.43

After Setup Error

IMRT

91.25 +7.83
37.31 £9.83
5504.42 + 98.1
12,97 + 5.01
8.84 + 4.09
769.38 + 226.1
2+1.04
4000 + 926.01
1081.5 £ 261.2
54.07 £ 10.3
322 +5.31
246 £3.73
1691.3 + 206.1
21.55 £ 10.1
14.01 + 4.06
765.79 + 208.2
.35+£1.0
7.64 £7.48
0.21 +0.49
173.05 + 91.31
28.33 +23.05
381.83 +242.9
1.06 + 0.64

H-VMAT

95.48 + 4.03
41.32 £ 15.09
5462.63 + 1215.7
1412+ 6.16
10.03 + 5.02
763.22 £ 219.3

.04 £ 0.09
3666.84 + 942.8
1050 + 288.02
52.7 £5.12
31.08 + 5.50
25.08 +5.53
1511.25 + 213.04
40.05 + 5.89
15.43 + 5.01
881.68 + 150.44
214 £22.35
30.17 £ 8.49
0.44 £ 1.14
394.88 + 87.97
13.88 + 22.46
381.77 + 203.85
1.12+0.55
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PTV/OAR Dose-volume constraints

PTV D95%>5000 cGy
Heart V20<15%
D mean<800 cGy
LAD D mean<3000 cGy
LV D mean<1000 cGy
Ipsilateral Lung V5<60%
V20<25%
V30<15%
D mean<1400 cGy
Lungs V5<60%
V20<20%
V30<10%
D mean<800 cGy
Contralateral Lung V5<60%
D mean<600 cGy
Contralateral Breast D0.1cc<2000 cGy

D mean<500 cGy
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Characteristic

Age (years)
Histologic grading (n)
Tumor size (cm)
ER/PR status (n)

Her-2 status (n)

Value

Median 49.5
Range 30-65
Grade 2 14
Grade 3 18
Median 3.25
Range 1.5-10
Negative 13
Positive 19
Negative 18
Positive 14
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All patients

MRM
BCS
z
P

3D-CRT
MRM
BCS

F-IMRT
MRM
BCS

-IMRT
MRM
BCS
z
P

IMC

32.58 (2.76-50.93)
27.10 (4.09-52.93)
-3.327
0.001

33.8 (12.89-50.93)
26.84 (4.09-52.93)
-2.328
0.020

29.65 (2.76-46.64)
27.33 (4.12-51.40)
-1.128
0.259

32.95 (15.28-8.33)
26.5 (8.33-47.52)
-2.407
0.016

Ics1

26.6 (4.83-48.18)
12.5 (1.69-54.29)
-6.922
0.000

27.78 (4.83-48.18)
11.4 (1.69-54.29)
-3.791
0.000

24.96 (6.85-50.27)
13.05 (1.77-50.68)
-3.587
0.000

26.49 (7.70-45.01)
12,68 (2.30-50.02)
-5.047
0.000

Ics2

34.63 (4.06-51.71)
30.42 (3.65-63.13)
-2.777
0.005

36.42 (10.4-53.25)
30.82 (3.65-63.13)
-1.978
0.048

34.35 (4.06-51.7)
30.83 (3.72-61.18)
~0.859
0.391

34.65 (15.77-51.25)
30.04 (8.52-54.35)
-1.833
0.067

Ics3

37.41 (3.46-54.7)
36.24 (4.79-57.91)
-1.103
0.270

38.43 (12.12-54.7)
34.5 (4.85-57.66)
=277
0.202

34.57 (4.79-57.91)
35.74 (4.79-57.91)
-0.005
0.996

39.21 (12.56-51.79)
38.13 (8.42-57.46)
-0577
0564

IMC, internal mammary chain; MRM, modified radical mastectomy; BCS, breast-conserving surgery.
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LMR = lymphocyte count /monocyte count;
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SCF No SCF P
N IMC (Gy) N IMC (Gy)

Al 131 3287 217 27.19 0.001

3D-CRT 45 34.10 73 26.44 0.008

F-IMRT 46 29.20 73 27.46 0.407

HMRT 40 3295 7 26.45 0.016

IMC, internal mammary chain; SCF, supraclavicular fossa.
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PLR = platelet count /lymphocyte count;
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Location of the tumor (Gy)

Inner quadrants Center quadrants Outer quadrants

3D-CRT 34.42 26.49 20.95 Inner vs. center 0.063
(6.29-52.93) (8.92-46.42) (4.09-49.39) Inner vs. outer 0.003

Center vs. outer 0.315

F-IMRT 35.34 27.46 21.30 Inner vs. center 0.068
(6.35-51.4) (8.72-47.17) (4.12-47 24) Inner vs. outer 0.004

Center vs. outer 0.366

-IMRT 34.50 24.66 23.41 Inner vs. center 0.011
(8.38-44.68) (13.91-40.83) (8.33-47.52) Inner vs. outer 0.018

Center vs. outer 0.920

IMC, internal mammary chain.
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Characteristic Univariate analysis Multivariate analysis

r P-value Coefficient (SE) P-value

Surgery method -0.175 0.001 -3.534 0.000
Ipsilateral SCF irradiation ~ -0.179 0.001

SCF, supraclavicular fossa; IMC, internal mammary chain.
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Sensitivity

Specificity

Threshold J_index AUC AUC_Low AUC_High
Chemo 0.75 0.700 0.117 -0.985 0.723 0.540 0.906
AV(d4) 1.00 0.775 0.138 -0.982 0.925 0.844 1.000
Chemo+AV(d4) 1.00 0.875 0.244 -0.981 0.903 0.814 0.991
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Characteristics n %
Age (years)
Minimum 23
Maximum 74
Median 45
Histology
Invasive ductal carcinoma 335 96.26%
Invasive lobular carcinoma 3 0.86%
Invasive papillary carcinoma 4 0.29%
Ductal carcinoma in situ 9 2.59%
Tumor location
Left-sided 164 44.25%
Right-sided 194 55.75%
Surgical
MRM 138 39.66%
BCS 210 60.34%
Radiotherapy
3D-CRT 118 33.90%
F-IMRT 119 34.20%
-IMRT 114 31.90%
PTV
Chest wall (breast) 217 62.36%
Chest wall + SCF 131 37.64%
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