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Objectives

To investigate the value of imaging in predicting the growth rate of early lung adenocarcinoma.



Methods

From January 2012 to June 2018, 402 patients with pathology-confirmed lung adenocarcinoma who had two or more thin-layer CT follow-up images were retrospectively analyzed, involving 407 nodules. Two complete preoperative CT images and complete clinical data were evaluated. Training and validation sets were randomly assigned according to an 8:2 ratio. All cases were divided into fast-growing and slow-growing groups. Researchers extracted 1218 radiomics features from each volumetric region of interest (VOI). Then, radiomics features were selected by repeatability analysis and Analysis of Variance (ANOVA); Based on the Univariate and multivariate analyses, the significant radiographic features is selected in training set. A decision tree algorithm was conducted to establish the radiographic model, radiomics model and the combined radiographic-radiomics model. Model performance was assessed by the area under the curve (AUC) obtained by receiver operating characteristic (ROC) analysis.



Results

Sixty-two radiomics features and one radiographic features were selected for predicting the growth rate of pulmonary nodules. The combined radiographic-radiomics model (AUC 0.78) performed better than the radiographic model (0.727) and the radiomics model (0.710) in the validation set.



Conclusions

The model has good clinical application value and development prospects to predict the growth rate of early lung adenocarcinoma through the combined radiographic-radiomics model.





Keywords: pulmonary nodules, tomography, X-ray computer, radiomics, volume doubling time, machine learning



Introduction

Lung cancer has the highest incidence rate of all cancers in China and worldwide. The incidence rate and mortality rate of lung cancer in 2018 were 11.6% and 18.4%, respectively (1). In recent years, the incidence rate of lung adenocarcinoma was the highest among lung cancers, accounting for 60% of primary lung cancers, and lung adenocarcinoma is the most common histological type of lung cancer (2, 3). With the widespread use of low-dose CT screening, the increasing early-stage lung cancer are discovered (4). A pulmonary nodule is defined as a rounded opacity that is well or poorly defined measuring up to 3 cm in diameter (5). Although the current guidelines issued by the National Comprehensive Cancer Network (NCCN) (6, 7), Fleischner Society (8), American College of Chest Physicians (ACCP) (9), and the Asian Consensus (10) differ in some respects regarding the diagnosis and treatment of and follow-up strategies for pulmonary nodules, most guidelines are based on radiographic features, such as the type and size of pulmonary nodules. Lung adenocarcinoma is an inert tumor compared with squamous cell carcinoma and small cell carcinoma (11), although it is not uncommon for lung nodules to rapidly grow from the early stage to advanced stage in a short period. However, such nodules are usually followed up with CT examinations, and the best treatment time may be missed. Following the diagnosis and treatment methods recommended by previous guidelines for such fast-growing malignant nodules may lead to untimely diagnosis and treatment of patients, resulting in serious disease. Among all early-stage lung cancers (T1N0M0 stage), the choice of treatment and the prognosis of patients are sometimes quite different in clinical practice. Among similarly sized pulmonary nodules, the prognosis of aggressive lung adenocarcinoma is significantly worse than that of inert nodules.

Radiomics extracts engineering features related to morphology, histogram, intensity, and texture and integrates knowledge from multiple fields of imaging (image interpretation), computers (quantitative feature extraction) and machine learning (model establishment and evaluation) (12, 13). Radiomics can reveal a large amount of invisible, high-dimensional information with potential clinical value hidden behind the image. Currently, radiomics has achieved good results in the diagnosis of benign and malignant pulmonary nodules (14, 15). However, there are few radiomics methods for the prediction of the growth rate of pulmonary nodules. Therefore, the aim of this study was to establish a radiomics-based model for the prediction of the growth rate of early lung adenocarcinoma to assist in clinical decision-making.



Materials and Methods


Data Collection


Methods

From January 2012 to June 2018, patients with lung adenocarcinoma confirmed by pathology who had two or more thin-layer CT images were selected. The inclusion criteria were as follows: 1) nodule diameter<3 cm; 2) more than 2 preoperative thin-layer CT scans with an interval of more than 30 days (15); 3) pulmonary nodules confirmed by pathology as lung adenocarcinoma; and 4) all cases with stage T1N0M0. The exclusion criteria were as follows: 1) preoperative surgery or chemoradiotherapy treatment; 2) no complete clinical data; and 3) unclear image due to respiratory motion and other factors and nodules with details that could not be displayed.

In total, 407 pulmonary nodules from 402 patients (mean age 58.45, 22-84 years) were included in this study. The cases were randomly divided into the training set and validation set at a ratio of 8:2. Only no-contrast CT images were included in this study. If the patients had more than two CT images, the first CT scan image and the last preoperative CT scan image were selected. The average interval between the two CT images was 567.56 days (range 30-2813), with a median of 397 days. This study was approved by the institutional review committee of our hospital, and patient informed consent was not required.




Radiographic Features and Postoperative Pathological Evaluation

The first CT images of all patients were independently evaluated by two chest radiologists with 6 and 12 years of chest CT reading experience (evaluation conditions: window width, 1500 Hounsfield units [HU]; window position, -700 HU). Any discrepancies in the interpretation between the observers were resolved by a consensus. The CT findings of each lesion were analyzed, including (1) the lesion location, (2) lesion type (pure ground glass, partial solid nodule, or solid nodule), (3) lesion size, (4) margin (clear or blurred), (5) nodule shape (round, oval, or irregular), (6) pleural attachment, including pleural tag and indentation (absent or present), (7) bubble (absent or present), (8) bronchiole change (absent or present), (9) vascular change (absent or present), (10) and lobulation (absent or present). Solid nodule as a nodule that completely obscures the entire lung parenchyma within it. Part-solid GGN are those having sections that are solid in this sense, and pure GGN are those with no solid parts (16). Vascular changes were defined as the thickening and twisting of blood vessels through the lesion or aggregation of vessels surrounding the lesion (17). Bronchiole changes were defined as enlargement, distortion, or obstruction of the bronchus through the lesion. In the analysis of interobserver reliability, the type (pure GGN, part GGN or solid nodules) were compared between 2 observers, diagnostic concordance was assessed by unweighted kappa values. Two senior pathologists (chest pathologists with more than 5 and 10 years of working experience) evaluated and reviewed the lung tissue according to the classification of lung adenocarcinoma by the International Lung Cancer Research Association, American Thoracic Society and European Respiratory Society (2).



Evaluation of Growth Rate

The tumor volume doubling time (VDT) is a key parameter used to distinguish fast-growing tumors from slow-growing tumors (18). Since few studies investigated the growth rate of pulmonary nodules, we defined the growth rate of pulmonary nodules according to previous studies. Most studies defined pulmonary nodules with a VDT >400 days and VDT ≤400 days as slow-growing and fast-growing pulmonary nodules, respectively (11, 19).



Image Acquisition, Nodule Segmentation and VDT Acquisition

All CT scans were performed with one of the four scanners (GE Discovery CT750HD, 64-slice LightSpeed, VCT, Somatom Definition Flash; Somatom Sensation 16). The detailed scan and reconstruction parameters are listed in Table 1.


Table 1 | CT scanning parameters.



An open-source medical image processing and navigation software 3D slicer (version 4.8.0, Brigham and Women’s Hospital) was used to manually delineate the volume of interest (VOI) of the 814 nodules by a radiologist with 6 years of experience with chest CT interpretation; then, the VOI was confirmed by another radiologist with 12 years of chest CT interpretation who corrected the boundary of each nodule to avoid the influence of vessels, bronchus, pleura and other structures outside the nodule to the greatest extent possible (20). Finally, all CT data of the VOI of all nodules were exported in NII (desensitization format) for the following analysis.

The volume doubling time (VDT) refers to the time required to calculate the volume doubling based on an exponential growth model (21). Two CT scan images were selected for each patient to analyze and calculate the VDT as follows: the first CT image was selected as the scan image from the first CT scan in our hospital, and the second image was the last preoperative CT scan image. The following formula was used to calculate the VDT:

, where V0 and V1 represent the volumes at T1 (time 1- the second examination date) and T0 (time 0 – the baseline examination date).



Feature Extraction and Repeatability Analysis of Radiomics


Feature Extraction

Pyradiomics Toolkit (Version 2.1.0, https://github.com/Radiomics/pyradiomics) was used to extracted the radiomics features, including the first-order features based on the CT value or the pixel value of the preprocessed image, the shape descriptor features used to describe the shape and size, the gray-level cooccurrence matrix (GLCM), the gray-level run lengths matrix (GLRLM), the gray level size zone matrix (GLSZM), and the gray level dependence matrix (GLDM), to describe the internal and surface texture of the lesion. In total, 1218 radiomics features were extracted from each lesion (22).



Repeatability Analysis

The specific method was as follows: 60 nodules were randomly selected for independent segmentation by a radiologist with 6 years of experience with chest CT interpretation. One month later, the radiologist repeated the same procedure. Then, the interclass correlation coefficient (ICC) was assessed to analyze the correlation of the 1218 features extracted from these 60 nodules. Finally, features with an ICC >0.80 were selected and included in the follow-up study (23) (Figure 1).




Figure 1 | The workflow of the study.






Feature Selection, Model Establishment, and Verification


Feature Selection

Data collected in practice often have many missing values, duplicate values, and abnormal values, but the final value of the model depends on the amount of useful information. Therefore, the Python 3.7.1 software is used to normalize the feature with Min-Max scaling. Finally, to remove the irrelevant features to prevent over fitting and enhance the robustness of the model, an ANOVA was used to perform a univariate analysis of each radiomics feature, and the radiomics feature that had the most significant impact was selected.



Establishment and Verification of the Model

First, in the training set, the statistically significant differences in the radiographic features between the two groups were analyzed by a univariate analysis, and a multivariate analysis was performed to confirm the independent radiographic predictors that can predict the growth rate of pulmonary nodules. A fast, distributed and high-performance gradient promotion framework (Light Gradient Boosting Machine, LightGBM) based on a decision tree algorithm was used to build a radiomics-based model. Finally, the AUC value was used to evaluate the effectiveness of the model.




Statistical Analysis

All statistical analyses were performed using R statistical software (version 3.4.3; http://www.Rproject.org) and a commercially available software program (SPSS 23.0 for Windows; SPSS, Chicago, IL, USA), and the qualitative data are described as n (%). A chi square test or Fisher’s exact test was used to analyze the categorical variables, and an independent-samples t-test or Kruskal Wallis test was used to analyze the continuous variables. The ROC curve, area under curve (AUC) and precision recall (P-R) curve were used to evaluate the predictive effectiveness of the model, and P<0.05 indicated statistical significance. The integrated discrimination improvement (IDI) was used to measure the difference in model performance (24), and an IDI>0 indicates that the performance of the model is improved.




Results


Comparison of Radiographic Features Between Slow- and Fast-Growing Nodules

In total, 407 pulmonary nodules from 402 patients with two or more CT images were collected from January 2012 to June 2018, including 41 AIS 42, 158 MIA and 207 IPA. According to the VDTs of the nodules, the 407 nodules were divided into the following two groups: fast-growing nodules (n=77, 18.9%; average VDT=221.78 days) and slow-growing nodules (n=330, 81.1%; average VDT=1722.21 days). In total, 325 cases (fast-growing nodules: n=61; slow-growing nodules: n=264) and 82 cases (fast-growing nodules: n=16; slow-growing nodules: n=66) were randomly divided into the training sets and validation set at a ratio of 8:2. There was no statistically significant difference in the distribution of the clinical and radiographic features between the training sets and validation set, except for the nodule shape and bronchiole change. However, after multivariate analysis in the training set, the two factors were not included in the subsequent analysis. The radiographic features evaluated by the two chest radiologists were almost perfect agreement (unweighted kappa-values, 0.898). The complete patient profiles in the two sets are shown in Table 2.


Table 2 | Patient information for the training and validation sets.





Feature Selection and Establishment of the Radiomics Model

In total, 575 robust radiomics features (ICC: 0.8002-0.9777) were selected for the follow-up analysis. In total, 62 radiomics features (the first 10 radiomics features are shown in Table 3) were selected. The details of 62 radiomics features were included in the Supplement Data.


Table 3 | Top 10 imaging features after feature screening.



In the univariate analysis, four CT factors were statistically significantly associated with the growth rate of pulmonary nodules (Table 4).Then, According to the results of the multivariate analysis, the nodule type (pure GGN, part GGN, or solid nodules) was ultimately identified as an independent risk factor for the prediction of the growth rate of nodules (Table 5) and was included in the model establishment.


Table 4 | Comparison of fast-growing and slow-growing cases in the training set.




Table 5 | Multivariate analysis of the radiographic features.





Evaluation of the Predictive Effectiveness of the Radiomics Models

In the training set, the AUCs of the radiographic model, the radiomics model and the combined radiographic-radiomics model were 0.717 (95%CI: 0.683-0.754), 0.876 (95%CI: 0.855-0.898) and 0.903 (95%CI: 0.884-0.924), respectively (Figure 2). And the recall of the radiographic model, the radiomics model and the combined radiographic-radiomics model were 60.7% (precision 71.7%), 85.3% (precision 81.5%) and 80.3% (precision 83.7%), respectively. In the validation set, the AUCs of the radiographic model, the radiomics model and the combined radiographic-radiomics model were 0.727 (95%CI: 0.663-0.792), 0.710 (95%CI: 0.638-0.754) and 0.778 (95%CI: 0.713-0.844), respectively (Figure 3). And the recall of the radiographic model, the radiomics model and the combined radiographic-radiomics model were 43.8% (precision 80.5%), 62.5% (precision 74.4%) and 87.5% (precision 65.6%). Compared with the radiographic model, the IDI value of the combined radiographic-radiomics model was 0.086(versus 0), and the difference was statistically significant (z statistic, P<0.05). Compared with the radiomics model, the IDI value of the combined model was 0.094 (versus 0), indicating a statistically significant difference (z statistic, P<0.05). Finally, the results showed that the growth rate of early lung adenocarcinoma could be predicted more effectively by the combined model.




Figure 2 | AUC value of the training set. (A) The AUC value of the radiographic model with the training set is 0.717. (B) The AUC value of the radiomics model with the training set is 0.876. (C) The AUC value of the combined radiographic-radiomics model with the training set is 0.903.






Figure 3 | AUC value of the validation set. (A–C) The AUC value of the radiographic model with the validation set is 0.727. (B) The AUC value of the radiomics model with the validation set is 0.710. (C) The AUC value of the combined radiographic-radiomics model with the validation set is 0.778.






Discussion

In this study, 407 lung nodules were followed up by chest CT examinations over a long period, and the value of the radiomics features and radiographic features in predicting the growth rate of early-stage lung adenocarcinoma was analyzed. Finally, we established a combined radiographic-radiomics model that can better predict the growth rate of lung adenocarcinoma, with an AUC of 0.778 (95%CI: 0.713-0.844) and a recall of 87.5% (precision 65.9%).

Previously, the prediction of the growth of pulmonary nodules mainly depended on radiographic features (25). However, these CT features are subjective and inaccurate. In this study, we not only analyzed the radiographic features but also combined radiomics features to include more information and establish a more convenient and feasible prediction model, and the model finally achieved good performance.

In this study, the univariate analysis of the clinical data and CT features showed that there were statistically significant differences in the size, type, shape and lobulation of nodules between the fast-growing and slow-growing nodules (P<0.05). However, after the multivariate analysis, only the type (pure GGN, part GGN or solid nodules) significantly differed between the two groups. In total, 77 fast-growing pulmonary nodules were identified, including 19 cases (24.7%) of pure GGN, 28 cases (36.3%) of partial GGN, and 30 cases (39.0%) of solid nodules. From this result, we can get a general conclusion that aggressive nodules may be more commonly observed in patients with solid nodules and have a lower VDT; these results are consistent with previous studies (26, 27). Additionally, Oda S et al. found that the growth rate of solid nodules is usually faster than that of part GGNs and pure GGNs (26, 28). We speculate that this finding may be due to most solid components of malignant nodules being mainly proliferative stacks of tumor cells. In this study, although the size, shape and lobulation of the nodules in the univariate analysis were statistically significantly different, these features can predict the growth rate of pulmonary nodules remains to be determined. Kobayashi et al. (29) reported that the nodule size may be robustly associated with the growth of pulmonary nodules; however, this study did find the correlation after multivariate analysis, the reasons may include the following aspects: first, this study only used a univariate analysis and should not be considered authentic. Second, this study used manual measurement of the nodule size to judge the growth of pulmonary nodules; however, the presence of subjective factors, such as inaccurate measurement and error, require a more rigorous analysis.

Radiomics is widely used in clinical research because it can excavate a large amount of invisible information with great clinical value and has achieved good results (20, 30). Due to the instability of the features, a repeatability analysis was carried out. Most studies are based on the assumption that the features are redundant, thus reducing the number of radiomics features used in modeling research. However, each feature may affect the training accuracy to a certain extent. Therefore, to avoid overfitting the model and enhance the robustness, this study adopted data normalization and an ANOVA, and 62 useful features were finally selected for model establishment. According to the theory of radiomics, the features we extracted can reflect the spatial heterogeneity, microenvironment and gene expression of tumors (31). LightGBM is a newly developed gradient lifting algorithm framework based on a decision tree algorithm that can further optimize the tree model and is more conducive to clinical application (32). Therefore, we established a combined radiographic-radiomics model that can better distinguish the growth rate of pulmonary nodules and proved the feasibility of the modeling method. Yooh et al. (33) evaluated 52 lung adenocarcioma patients and demonstrated the potential of margin-related radiomics feature to predict tumor doubling times in lung adenocarcinoma, however, we finally decided that dividing the lung nodules into slow- and fast-growing nodules according to the VDT, because it can be more conducive to the management of nodules in clinical, and has the potential to develop a personalized follow-up strategy for patients (19).

There are certainly some underlying limitations to this study. First, this study was a single-center retrospective study that lacked external validation data, and prospective studies are needed to assess the robustness and practical clinical value of the combined model. Second, due to the different reconstruction cores, the CT acquisition protocol is not standardized, which may have had a potential impact on the extraction of the radiomics features. However, all images included in the current study were thin-slice CT image to minimize these variabilities (34). Third, the model achieved good results with the training set but lower results in the validation set, which may be caused by the limited amounts of samples in the study. In the future, we aim to improve the efficacy and feasibility of this model through multicenter data, standardized CT scanning parameters and a larger sample.

In summary, this study analyzed the value of CT features and radiomics features in the diagnosis of lung adenocarcinoma. Considering its practicability and accuracy, we established a combined model that can better predict the growth rate of pulmonary nodules and assist in clinical decision-making.
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Purpose

It is challenging for traditional CT signs to predict invasiveness of pancreatic solid pseudopapillary neoplasm (pSPN). We aim to develop and evaluate CT-based radiomics signature to preoperatively predict invasive behavior in pSPN.



Methods

Eighty-five patients who had pathologically confirmed pSPN and preoperative contrasted-enhanced CT imaging in our hospital were retrospectively analyzed (invasive: 24; non-invasive: 61). 1316 radiomics features were separately extracted from delineated 2D or 3D ROIs in arterial and venous phases. 200% (SMOTE) was used to generate balanced dataset (invasive: 72, non-invasive: 96) for each phase, which was for feature selection and modeling. The model was internally validated in the original dataset. Inter-observer consistency analysis, spearman correlation, univariate analysis, LASSO regression and backward stepwise logical regression were mainly applied to screen the features, and 6 logistic regression models were established based on multi-phase features from 2D or 3D segmentations. The ROC analysis and Delong’s test were mainly used for model assessment and AUC comparison.



Results

It retained 11, 8, 7 and 7 features to construct 3D-arterial, 3D-venous, 2D-arterial and 2D-venous model. Based on 3D ROIs, the arterial model (AUC: 0.914) performed better than venous (AUC: 0.815) and the arterial-venous combined model was slightly improved (AUC: 0.918). Based on 2D ROIs, the arterial model (AUC: 0.814) performed better than venous (AUC:0.768), while the arterial-venous combined model (AUC:0.893) performed better than any single-phase model. In addition, the 3D arterial model performed better than the best combined 2D model. The Delong’s test showed that the significant difference of model AUC existed in arterial models in original dataset (p = 0.019) while not in arterial-venous combined model (p=0.49) as comparing 2D and 3D ROIs.



Conclusion

The arterial radiomics model constructed by 3D-ROI feature is potential to predict the invasiveness of pSPN preoperatively.





Keywords: pancreatic solid pseudopapillary neoplasm, computed tomography, invasiveness, radiomics, diagnosis



Introduction

Pancreatic solid pseudopapillary neoplasm (pSPN) is a rare low-grade malignant tumor, accounting for 1%–2% of pancreatic exocrine tumors. It usually occurs in women under the age of 40. Its clinical manifestations are not typical. Most of them come to the hospital with asymptomatic physical examination, abdominal pain or touching abdominal mass as the main complaint. Laboratory examination is of little help in its diagnosis, and the final diagnosis depends on the immunohistochemical results of postoperative pathology (1–3). A 2018 Chinese multicenter retrospective study showed that pSPN accounted for 31.7% of all resected pancreatic cystic tumors (4). According to the classification criteria of digestive system tumors of the World Health Organization, SPN is defined as invasive when the tumor obviously breaks through the capsule or invades the peripancreatic tissue, surrounding organs and blood vessels, vascular invasion, peripheral nerve invasion, lymph node metastasis and distant metastasis (5, 6). Surgery is the only treatment for patients with pSPN, but the traditional radical resection of pancreatic malignant tumor is more traumatic, which is easy to cause postoperative pancreatic secretion insufficiency and high risk. At present, clinicians tend to take smaller surgical methods for patients with pSPN. Non-invasive pSPN is mainly enucleation of the tumor as a whole, and the prognosis is good, but the scope of resection of invasive pSPN is larger, and incomplete resection of the tumor may lead to recurrence and metastasis (7). Gao et al. (1). studies have shown that positive incisal margin increases the risk of postoperative pSPN recurrence, so accurate preoperative judgment of the invasiveness of pSPN is a key factor in making clinical operation plans. However, it is often difficult to obtain pathological results before operation. the pathological diagnosis of puncture biopsy is restricted by the quality and quantity of samples, which can’t accurately reflect the heterogeneity of tumor, and the operation of puncture biopsy may cause tumor cells to spread along the needle path. This makes it difficult and controversial for surgeons to choose the mode of operation. Because of its high popularization rate, convenience and few contraindications, CT has become the first choice for pancreatic diseases, the preoperative diagnosis and evaluation of invasiveness of pSPN depend to a large extent on the imaging features of tumors. Some relevant scholars have analyzed the relationship between imaging features and invasiveness of pSPN, but the imaging data of patients in multiple studies are not all analyzed by the same radiologist and concluded that there may be some subjective differences, and the results are not the same. It is controversial to predict the invasiveness of solid pseudopapillary tumor of the pancreas only from CT signs, so it is necessary to explore reliable features to evaluate tumor invasiveness before operation.

Radiomics technique using various automatically extracted data characterization algorithms converts images into a high dimensional mineable feature space (8–10). Numerous studies have applied the emerging radiomics technique to improve diagnostic, identification, prognostic, and predictive accuracy of cancer research (11–14). Some scholars also try to apply radiomics in pancreatic tumor studies, such as malignancy prediction (15), histopathologic characteristics discrimination (16), vascular invasion prediction (17), prognosis prediction (18), and radiogenomics for genetic status prediction (19). However, to the best of our knowledge, there is no literature that has determined whether a radiomics signature derived from CT images would enable superior prediction of invasive behavior in patients with pSPN.

Considering the radiomics feature could be extracted from the single cross section (two dimensional, 2D) or multi-slices (three dimensional, 3D) of the tumor in CT images, the reported radiomics-based pancreatic cancer studies have either applied 2D segmentation (20) or 3D whole-tumor segmentation (14, 21–25). However, whether to select 2D regions of interest (ROIs) or 3D ROIs still remains unclear for invasive behavior prediction in pSPN. In addition, the previous studies also have shown that there is controversy between 2D and 3D radiomics analysis in tumor diagnosis or prognosis (26–30).

In this work, we proposed a CT radiomics-based classification method by considering the performance of 3D or 2D segmentation and multiple CT imaging phases to discriminate invasiveness and non-invasiveness pSPN. The developed CT imaging signature might help treatment decision-making, especially the choice of operation.



Materials and Methods


Patient Selection

With institutional review board approval and waiver of the written informed consent, we retrospectively collected 85 patients with pSPN diagnosed by postoperative pathology from January 2012 to April 2020. The patient enrollment criteria included:1) the patient had no history of other malignant tumors before admission; 2) all patients with pSPN underwent surgery and the CT imaging data were complete; 3) abdominal CT plain scan and enhanced examination were performed within 30 days before operation; 4) the lesion covers at least 3 slices on CT cross section, and the maximum plane diameter is not less than 20mm. Exclusion criteria included:1) insufficient data of pathological diagnosis; 2) the patient had been punctured or treated with related tumor before CT examination; 3) poor CT image quality or lack of raw DICOM data; 4) there are a large number of ascites, pancreas or other lesions around the pancreas that cannot be divided. The flow chart of inclusion and exclusion of 85 patients is shown in Figure 1.




Figure 1 | The patient enrollment workflow.



This cohort contained both screening and symptomatic cases (i.e., 48 and 37 cases respectively). There were 85 lumps on 85 cases, of which 24 tumor masses were invasive and 61 were non-invasive demonstrated by postoperative pathology. Patient characteristics in the invasive and non- invasive cohorts are given in Table 1.


Table 1 | The clinical features of pancreatic solid pseudopapillary neoplasm.





CT Image Acquisition

All patients underwent contrast-enhanced CT scan and informed consent forms were signed before inspection. The CT scans were acquired with a 64-row CT scanner (Discovery CT 750 HD, GE Healthcare, Waukesha, WI, United States) or a dual source CT scanner (Somatom Definition Flash, S+iemens Healthineers, Forchheim, Germany). Conventional axial scanning was performed before and after an intravenous (i.v.) injection of nonionic iohexol (iopromide, 370 mg/mL, GE Medical Systems, 1.5 mL/kg and 3 mL/s) through a dual-head pump injector (Medrad, Warrendale, PA, United States). The scanning parameters were as follows: tube voltage, 120 kV; automatic mA technology is used for tube current; field of view (FOV), 500 mm; matrix, 512 × 512 mm; slice thickness, 0.625 mm to 5 mm; scan spacing, 0.625 mm to 5 mm. Finally, a 20-mL saline flush was performed at a rate of 3 mL/s. Using low-dose trigger technique, when the descending aorta reached 100 HU after injection of contrast medium, arterial phase images were collected 10 seconds later, and venous phase images were collected at intervals of 30 seconds.



Image Process and Lesion ROI Segmentation

The CT images in arterial and venous phases were firstly resampled isotropically into 1 mm ×1 mm × 1 mm voxel size by using trilinear interpolation, to reduce the heterogeneity resulted from different scanner (24, 25). Then the CT images in respective phases were sequentially imported into A.K. software (Artificial Intelligence Kit, GE Healthcare, version 3.3.0) and the lesions were separately delineated in each imaging phase. 2D segmentation was realized by delineating around the tumor outline for the largest cross-sectional area in the CT axial plane. By conducting slice-by-slice delineation along with the tumor outer contour in the CT axial plane, 3D ROI was automatically merged. Each ROI was outlined by a radiologist (H.WP, 5 years of experience in abdominal imaging diagnosis) and supervised by a radiologist (L.P, 10 years of experience in abdominal imaging diagnosis). All the segmentations were finally accomplished with the consensus of these two radiologists. At the same time, thirty CT image sets were randomly and separately chosen from arterial and venous phase for assessing inter-observer repeatability of radiomics features. The ROIs were outlined by another radiologist (H.YJ, 5 years of experience in abdominal imaging diagnosis) and supervised by another radiologist (L.LM, 8 years of experience in abdominal imaging diagnosis). The features were then extracted and the features with intra-class correlation coefficient (ICC) greater than 0.75 were retained for further analysis, which meant a good feature reliability (31).



Radiomics Feature Extraction

The radiomics features were automatically extracted by using Python package Pyradiomics (32). And before feature extraction, the CT values included in the ROI were discretized with binWidth = 25 HU (33). 1316 radiomics features were separately extracted from the delineated 2D or 3D ROIs in arterial and venous phases. There were 107 features extracted from the original images including: 32 first-order features (18 intensity statistical and 14 shape features). Among 75 textural features, there were 24 Gray Level Co‐occurrence Matrix (GLCM), 16 Gray Level Run Length Matrix (GLRLM), 16 Gray Level Size Zone Matrix (GLSZM), 14 Gray Level Dependence Matrix (GLDM) and 5 Neighboring Gray Tone Difference Matrix (NGTDM) features. By using transformed images, 1209 first-order and textural features were calculated, including 744 wavelet features based on level-1 wavelet decomposition images in three directions and 8 channels of LLL, HHH, LHL, LLH, HLL, HLH, HHL and LHH; 186 Laplacian of Gaussian (LoG) filtered features with sigma 2.0 mm and 3.0 mm and 279 features based on local binary pattern (LBP) filtered images including 2 sets of images based on 2-level spherical harmonics and 1 set of kurtosis image. For each transformed image, the same 6 kinds of features (93 features in total per image) were extracted including: 1) first-order features (18 intensity statistical features); 2) 24 Gray Level Co‐occurrence Matrix (GLCM) features; 3) 16 Gray Level Run Length Matrix (GLRLM) features; 4) 16 Gray Level Size Zone Matrix (GLSZM) features; 5) 14 Gray Level Dependence Matrix (GLDM) features; 6) 5 Neighboring Gray Tone Difference Matrix (NGTDM) features. Thirty CT image sets were randomly and separately chosen from arterial and venous phase for assessing inter-observer repeatability of radiomics features.



Feature Selection and Model Construction

The radiomics features extracted from 2D and 3D ROIs in arterial and venous phases were firstly processed. The missing values were firstly replaced with median values. Then z-score normalization was used for standardization. As the class distribution of the original dataset was moderately imbalanced (invasive:24; non-invasive:61; ratio of 2.5), 200% data oversampling based on Synthetic Minority Oversampling Technique (SMOTE)was conducted to obtain equilibrium for class distribution (34, 35). The generated dataset (SMOTE dataset) involve 72 invasive and 96 noninvasive samples respectively (ratio of 1.3), which was used as training set for modeling.

The radiomics models were constructed separately based on 2D and 3D ROIs. While, the same feature selection and modeling methods were applied. The feature selection and final modeling procedure was performed in the SMOTE dataset as follows.

	The features with agreement coefficient larger than 0.75 during the inter-observer consistency analysis were retained.

	The features with relatively low variance less than 1.0 were excluded.

	The features with less collinearity were retained by using correlation analysis at cut-value 0.7.

	The features with significant difference (P<0.05) between invasive and noninvasive groups were selected by using univariate analysis (Mann-Whitney U test or t-test).

	The least absolute shrinkage and selection operator (LASSO) logistic regression involving 10-fold cross validation was conducted to avoid overfitting (36). The maximum area under the curve (AUC) for model fitting among the 10-folds cross validation was applied to determine the lambda values, at which the remaining features with non-zero coefficients were retained.

	The retained features after LASSO regression were finally involved into backward stepwise logistic regression with minimum AIC (Akaike Information Criterion) criteria to develop the regression radiomics model and radiomics-derived signature “Radscore” was derived by using the regression coefficients, which could be further transferred into probability by using sigmoid function P (Radscore) = 1/(1+exp(-Radscore)).



Hence, there were four basic radiomics models and corresponding Radscore derived, including the arterial phase model based on 2D ROIs (RadscoreAP_2D), venous phase model based on 2D ROIs (RadscoreVP_2D), arterial phase model based on 3D ROIs (RadscoreAP_3D) and venous phase model based on 3D ROIs (RadscoreVP_3D). Besides these four basic radiomics models, additional two combined models were also constructed, including the arterial-venous combined model based on 2D ROIs (RadscoreAP_VP_2D) and arterial-venous combined model based on 3D ROIs (RadscoreAP_VP_3D).



Evaluation of Model Predictive Performance

The discrimination of the radiomics models were assessed by the receiver operating characteristic (ROC) curve analysis, and the area under the ROC curve (AUC), sensitivity, specificity and accuracy could be derived. In order to validate the constructed model based on the SMOTE dataset, the constructed single or combined model were applied in the original dataset. The regression coefficients and the model cut-off value (when Youden index reached the maximum) derived in the SMOTE dataset were applied in the original dataset. And the AUC, sensitivity, specificity and accuracy in the original dataset could be obtained to validate the model performance. Furthermore, the 1000-times bootstrap was used to assess the optimism and overall performance of radiomics models (37). To investigate the consistency of radiomics model for predicting invasiveness of pSPN in both SMOTE and original datasets, the calibration curves were plotted. Meanwhile, the decision curve analysis (DCA) was also used for assessment of the model clinical usefulness. In order to compare the ROC performance of each same kind of model between 2D and 3D ROIs, or to perform comparison between paired model from different phases, the Delong’s test was applied.



Statistical Analysis

Statistical analysis was conducted by R software (version 3.5.3; http://www.r-project.org). Student’s t test or Mann-Whitney U test was used for continuous variables with normal or non-normal distribution (the Shapiro–Wilk test for assessing the normality of distribution) and the categorical variables were tested by Chi-square (or Fisher’s exact test). The Delong’s test was used for comparison of AUC between each paired model. The statistical significance levels were two-sided with P< 0.05. The following R packages were applied: “DMwR” for SMOTE oversampling; “findCorrelation” in “caret” package for correlation analysis; “glmnet” for logistic regression including LASSO regression algorithm; “pROC” for ROC analysis, and “rmda” for DCA analysis.




Results


Feature Selection and Radiomics Model Development

There were totally 6 radiomics models constructed based on 2D and 3D ROIs in arterial and venous imaging phase.


Arterial Phase Model Based on 3D ROI

By using inter-observer consistency analysis, 825 radiomics features with ICCs>0.75 were retained among 1316 features. After removing features with variance less than 1.0, 409 features were kept. Then, 25 features were retained after correlation analysis by using cut-value 0.7. Among 19 features selected by Mann-Whitney U test, 5 features were further removed by LASSO regression (Figure S1). Finally, 11 radiomics features were kept by backward stepwise logistic regression analysis (minimum AIC criteria), and the regression function deriving the RadscoreAP_3D was summarized in Supplementary Equation (S1).



Venous Phase Model Based on 3D ROI

By using inter-observer consistency analysis, 810 radiomics features with ICCs>0.75 were retained among 1316 features. After removing features with variance less than 1.0, 385 features were kept. Then, 20 features were retained after correlation analysis by using cut-value 0.7. Among 17 features selected by Mann-Whitney U test, 13 features were retained after LASSO regression (Figure S2). Finally, 8 radiomics features were kept by backward stepwise logistic regression analysis (minimum AIC criteria), and the regression function deriving the RadscoreVP_3D was summarized in Supplementary Equation (S2).



Arterial Phase Model Based on 2D ROI

By using inter-observer consistency analysis, 1059 radiomics features with ICCs>0.75 were retained among 1316 features. After removing features with variance less than 1.0, 475 features were kept. Then, 23 features were retained after correlation analysis by using cut-value 0.7. Among 12 features selected by Mann-Whitney U test, 8 features were retained after LASSO regression (Figure S3). Finally, 7 radiomics features were kept by minimum AIC criteria, and the regression function deriving the RadscoreAP_2D was summarized in Supplementary Equation (S3).



Venous Phase Model Based on 2D ROI

By using inter-observer consistency analysis, 1126 radiomics features with ICCs>0.75 were retained among 1316 features. After removing features with variance less than 1.0, 517 features were kept. Then, 32 features were retained after Spearman correlation analysis by using cut-value 0.7. Among 12 features selected by Mann-Whitney U test, no feature was removed after LASSO regression (Figure S4). Finally, 7 radiomics features were kept by minimum AIC criteria, and the regression function deriving the RadscoreVP_2D was summarized in Supplementary Equation (S4).



Arterial-Venous Combined Model Based on 3D ROI

The derived RadscoreAP_3D and RadscoreVP_3D were involved directly into multivariate logistic regression to construct the Arterial-Venous combined model based on 3D ROIs and the regression function deriving the RadscorAP_VP_3D was summarized in Supplementary Equation (S5).



Arterial-Venous Combined Model Based on 2D ROI

The derived RadscoreAP_2D and RadscoreVP_2D were involved directly into multivariate logistic regression to construct the Arterial-Venous combined model based on 2D ROIs and the regression function deriving the RadscorAP_VP_2D was summarized in Supplementary Equation (S6).

A statistically significant difference existed in RadscoreAP_3D, RadscoreVP_3D were RadscorAP_VP_3D between noninvasive and invasive in the original datasets with (-2.85(-4.66, -0.60) vs. 1.90(1.02, 7.25), p < 0.001), (-1.34(-2.65, -0.41) vs. 1.11(-0.44, 2.10), p < 0.001), (-2.51(-4.71, -1.02) vs. 2.63(0.92, 8.58), p < 0.001). Meanwhile, such significant difference also existed in RadscoreAP_3D, RadscoreVP_3D were RadscorAP_VP_3D between noninvasive and invasive in the original datasets with (-1.24 ± 2.12 vs. 1.01 ± 1.81, p < 0.001), (-0.79(-2.15, 0.09) vs. 0.38(-0.34, 1.25), p < 0.001), (-2.17(-4.51, -0.27) vs. 2.01(0.53, 4.24), p < 0.001). The distribution of each model’s Radscore in the invasive and noninvasive and the P values for the statistical difference analysis were also shown in Figure 2 and their inset.




Figure 2 | The boxplot for Radscores from 2D-domain and 3D-domain radiomics models and their statistical differences between invasive and noninvasive groups. (A–C) The respective distribution of RadscoreAP_3D, RadscoreVP_3D, RadscoreAP_VP_3D in the invasive (yellow) and noninvasive (blue) groups in the SMOTE dataset. (D–F) The respective distribution of RadscoreAP_3D, RadscoreVP_3D, RadscoreAP_VP_3D in the invasive (yellow) and noninvasive (blue) groups in the original dataset. (G–I) The respective distribution of RadscoreAP_2D, RadscoreVP_2D, RadscoreAP_VP_2D in the invasive (yellow) and noninvasive (blue) groups in the SMOTE dataset. (J–L) The respective distribution of RadscoreAP_2D, RadscoreVP_2D, RadscoreAP_VP_2D in the invasive (yellow) and noninvasive (blue) groups in the original dataset.






Radiomics Model Performance

The ROC analysis was used to evaluate the predictive performance of the constructed six models and the ROC curves for each model in SMOTE and original dataset were illustrated in Figure 3. The AUC, specificity, sensitivity, accuracy and the determined cut-value for each model performance in SMOTE dataset and the original dataset were summarized in Tables 2 and 3. Based on 3D ROIs, the arterial phase model has better performance than venous phase model and the arterial-venous combined model performed slightly better than the others. Based on 2D ROIs, the arterial phase model performed better than venous phase model, while the arterial-venous combined model performed better than any model constructed by independent imaging phase. In addition, the 3D arterial model performed better than the best arterial-venous combined 2D model. The Delong’s test result showed that the significant difference of model AUC existed in arterial models in original dataset (p = 0.019) while not in arterial-venous combined model (p=0.49) as comparing 2D and 3D segmentations (Table S1). In addition, the AUC of each selected 2D-based or 3D-based radiomics feature and their statistical differences between noninvasive and invasive groups were also summarized in the Tables S2–S5.




Figure 3 | The ROC and calibration curves for 3D- and 2D- radiomics models. The ROC curves of artery-(red), venous- (blue) and combined artery-venous (green) radiomics models based on 3D ROIs in the SMOTE dataset (A) and original dataset (B). The ROC curves of artery-(red), venous-(blue) and combined artery-venous (green) radiomics models based on 2D ROIs in the SMOTE dataset (C) and original dataset (D). The calibration curves of artery-(red), venous-(blue) and combined artery-venous radiomics (green) models based on 3D ROIs in the SMOTE dataset (E) and original dataset (F). The calibration curves of artery-(red), venous-(blue) and combined artery-venous (green) radiomics models based on 2D ROIs in the SMOTE dataset (G) and original dataset (H).




Table 2 | Performance of 2D-domain radiomics model in predicting invasive behavior of pancreatic solid pseudopapillary neoplasm.




Table 3 | Performance of 3D-domain radiomics model in predicting invasive behavior of pancreatic solid pseudopapillary neoplasm.



The arterial-venous combined models in both of 2D and 3D conditions showed a relatively good agreement between predicted and actual probability as shown by calibration curves in Figure 4. The overall performance of radiomics logistic regression model trained in the SMOTE dataset among 1000-times bootstrap were summarized in Tables S6 and S7. The appearing frequency of each radiomics feature in the 3D and 2D logistic regression models during 1000-times bootstrap was respectively illustrated in Figures S1 and S2. The respective optimism-corrected model’s AUC (3D arterial model: 0.928; 3D venous model: 0.832; 2D arterial model: 0.815; 2D venous model: 0.78) and their average optimism (3D arterial model: 0.045; 3D venous model: 0.059; 3D arterial model: 0.048; 3D venous model: 0.055) represents a relatively good reliability of the model established from the selected feature. In Figure S2, all of the features selected in the final 2D and 3D models appeared over 500 times during 1000-times bootstrap, which also reflected the reliability of the features. As shown by the DCA curves in Figure 4, in 3D models, the arterial model and arterial-venous combined model have wider range for risk threshold (0-0.9) than venous model to make model net benefit larger than 50%. And in 2D models, the arterial-venous combined model has wider range for risk threshold (0-0.6) than arterial or venous model alone to reach model net benefit exceed 50%.




Figure 4 | The decision curves for 2D-domain and 3D-domain radiomics models. (A, B) The decision curves for 3D-domain radiomics models in SMOTE dataset (A) and original dataset (B). (C, D) The decision curves for 2D-domain radiomics models in SMOTE dataset (C) and original dataset (D). The black horizontal line manifests no patients is invasive type (NONE) and the grey line manifests all patients are invasive type (ALL). The colored lines of each model respectively illustrate the net benefit brought to each patient based on artery-(red), venous-(blue) and combined artery-venous (green) radiomics models. The closer the decision curves to the black and gray curves, the lower the clinical decision net benefit of the model.






Discussion

In this retrospective study, we applied radiomics techniques to predict the invasiveness of pancreatic solid pseudopapillary neoplasm (pSPN), and established radiomics models to evaluate tumor invasiveness before operation based on CT images. The results showed that the 3D-domain radiomics features and 2D-domain features are potential predictors. Therefore, the classifier based on radiomics features could potentially provide a noninvasive and personalized management method for pSPN patients.

Previous studies mainly focused on the characteristic manifestations of CT and/or magnetic resonance imaging (38). However, it is difficult to identify whether pSPN is invasive before operation (39). Radiomic analysis has been proposed as a step towards realization of precision medicine by providing means to interrogate the spatial complexity of tumors in vivo (40). Therefore, we try to identify the invasiveness of pSPN by radiomics features and comprehensively consider the effectiveness of different contrast-enhanced phases and 2D or 3D segmentation.

The results showed that when using the single-phase-based radiomics features to predict the invasiveness of pSPN, the arterial phase features were more effective than the venous phase features and there was no statistically significant model’s AUC improvement in the original dataset when combining arterial and venous phase compared with sole arterial-phase model. The arterial phase enhancement characteristics of the tumor reflected the characteristics of tumor blood supply and functional capillaries, and the invasive tumor had more obvious blood supply. On the one hand, angiogenesis is closely related to the occurrence, development and prognosis of the tumor, but there are complex substances such as collagen and hyaluronic acid in the cell stroma. During the venous phase, the interstitial components of the tumor will also be enhanced because of the inflow of the contrast medium. As a result, the vascular enhancement of the tumor in the venous phase is not obvious. The arterial phase images can only enhance the blood vessels of the tumor, because the interstitial components will not be enhanced. Thus the arterial phase images can better reflect the characteristics of blood supply in the tumor and reflect the characteristics of the tumor more accurately. In some related studies of pancreatic tumors, Kwon et al. (41) especially emphasized the role of enhanced MRI in arterial phase in the study of the differentiating focal autoimmune pancreatitis and pancreatic ductal adenocarcinoma. Corwin et al. (42). reported that the greater attenuation differential between lesions and normal pancreas during the arterial phase compared to venous. Bian et al. (23). also reported a significant positive association between the arterial-phase-based radiomics Radscore and the risk of LN metastasis in pancreatic ductal adenocarcinoma. In addition, it was also the arterial-phase model could have higher multivariable AUC in predicting malignancy and invasive pathological status of pancreatic intraductal papillary mucinous neoplasms compared with that of venous-phase model (14). On the other hand, the invasive biological behavior of invasive pSPN is more prone to vascular invasion, and peripheral blood vessels are easily involved, especially the venous wall is thin and the pressure is low, and the tumor is easy to cause stenosis of venous branches. If the formation of microtumor thrombus can lead to obstruction of venous branches in microcirculation and obstruction of blood flow, resulting in an increase of compensatory blood supply of arteries. These results might reflect the predictive capability of the arterial-phase-based radiomics features in predicting tumor invasiveness.

Most prior studies have employed either a single slice or whole tumor to extract features for radiomics analysis. However, the actual effect of using features extracted from 2D slices or 3D volumes varies. In a colorectal cancer prognosis study, it has shown that the CT feature extracted from 3D segmentation was superior to the largest cross-sectional segmentation to predict the survival rate (16). Some scholar reports also showed that the 2D and 3D segmentation possessed similar capability in clinical outcome prediction, such as the determination of pathological feature or prognosis in hepatic metastatic colorectal cancer (CRC) (28) and prediction of axillary lymph node metastasis in breast cancer (29). However, it has also been reported that 2D CT radiomics features performed better in prognosis prediction in lung cancer (30). These studies show that the results of 2D or 3D radiological analysis need to be further studied by different patient cohorts and tasks. Our study indicated that the AUC value of 3D-based model is greater than that of 2D-based model in both SMOTE dataset and original dataset. Except for that the AUC value of 2D venous model is 0.768, the AUC values of all models are all greater than 0.80. In the original dataset, the ROC comparison of 2D-based and 3D-based arterial-phase model was statistically significant. Multi-slices (3D) analysis covers the entire tumor volume and can better depict spatial heterogeneity than using a single tumor slice (2D) (27).

In terms of feature contribution to each 2D or 3D model in the current study, most of the selected features were filtered or transformed first-order or texture features. It might indicate that the distinguishment between the noninvasive and invasive pSPN might need the emphasized features in the spatial or frequency domains. It could be found that there existed some overlaps for selected 2D and 3D feature types in the artery-phase models, including the RunVariance (GLRLM), Median (First order), Kurtosis (First order) and DependenceVariance (GLDM), which represent similar tendency between invasive and noninvasive groups. However, the 3D features’ AUC located in the range of 0.58-0.72, which were slightly higher than that of 2D features (AUC from 0.58 to 0.66). And the features that not involved in the 2D model, such as wavelet.LLL_firstorder_InterquartileRange, original_firstorder_Skewness, and wavelet.HHL_glrlm_LongRunLowGrayLevelEmphasis could even have acceptable AUC values larger than 0.65. First-order statistics features describe the distribution of voxel intensity in the ROI region. GLDM texture features mainly describe the gray level dependence between voxels. GLRLM quantifies the length of consecutive pixels that have the same grey level. Three-dimensional ROI includes the whole lesion and does not avoid cystic necrosis and calcification in the tumor. It could have more chances compared with 2D cross-section to extract intensity or texture details distributed in 3D space or multiple 3D directions and select the representative features describing the internal structure or pathological heterogeneity of tumor which are closely related to invasiveness. This might indicate that intensity or texture details distributed in 3D space or multiple 3D directions could be extracted from the entire volume rather than those from the single slice. In the current study, 3D features can better predict invasiveness from a global point of view.

Thus, the noninvasive radiomics signature could serve as a more convenient biomarker for the prediction of invasive behavior in pSPN. To justify the clinical usefulness, decision curve analysis was applied in this study to confirm the predictive value of the imaging group model. This novel method offers insight into clinical consequences on the basis of threshold probability, from which the net benefit could be derived.

There are still some limitations in this study. Firstly, the disease is rare, all available data have been collected, but the sample size in this study was small and had some class imbalance with noninvasive-to-invasive sample ratio of 2.5. The data were augmented and balanced by SMOTE method into noninvasive-to-invasive sample ratio of 1.3 and used as the training set of the model, which was further internally validated in the original dataset to test the model performance as much as possible. Secondly, it was not combined with clinical data and pathological immunohistochemical results. A study of radiomics and clinical data is needed in the future to further reveal the biological or clinical meanings or association for the radiomics features, which still could not be well explained in the current study. In addition, this is a single-center study, and we are working to further evaluate our model in a bigger dataset that may come from multiple centers and multiple imaging schemes.



Conclusion

In conclusion, a radiomics method based on CT imaging data was developed and validated as a potential method for predicting invasiveness of pSPN before the operation in our study. Radiomics model showed encouraging performance and is expected to provide an intelligent, non-invasive diagnostic tool for predicting the invasiveness of pSPN. Further research is needed to explore the relationship between radiomics features and clinicopathological index and establish more generalized prediction models.
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Purpose

MYCN amplification plays a critical role in defining high-risk subgroup of patients with neuroblastoma. We aimed to develop and validate the CT-based machine learning models for predicting MYCN amplification in pediatric abdominal neuroblastoma.



Methods

A total of 172 patients with MYCN amplified (n = 47) and non-amplified (n = 125) were enrolled. The cohort was randomly stratified sampling into training and testing groups. Clinicopathological parameters and radiographic features were selected to construct the clinical predictive model. The regions of interest (ROIs) were segmented on three-phrase CT images to extract first-, second- and higher-order radiomics features. The ICCs, mRMR and LASSO methods were used for dimensionality reduction. The selected features from the training group were used to establish radiomics models using Logistic regression, Support Vector Machine (SVM), Bayes and Random Forest methods. The performance of four different radiomics models was evaluated according to the area under the receiver operator characteristic (ROC) curve (AUC), and then compared by Delong test. The nomogram incorporated of clinicopathological parameters, radiographic features and radiomics signature was developed through multivariate logistic regression. Finally, the predictive performance of the clinical model, radiomics models, and nomogram was evaluated in both training and testing groups.



Results

In total, 1,218 radiomics features were extracted from the ROIs on three-phrase CT images, and then 14 optimal features, including one original first-order feature and eight wavelet-transformed features and five LoG-transformed features, were identified and selected to construct the radiomics models. In the training group, the AUC of the Logistic, SVM, Bayes and Random Forest model was 0.940, 0.940, 0.780 and 0.927, respectively, and the corresponding AUC in the testing group was 0.909, 0.909, 0.729, 0.851, respectively. There was no significant difference among the Logistic, SVM and Random Forest model, but all better than the Bayes model (p <0.005). The predictive performance of the Logistic radiomics model based on three-phrase is similar to nomogram, but both better than the clinical model and radiomics model based on single venous phase.



Conclusion

The CT-based radiomics signature is able to predict MYCN amplification of pediatric abdominal NB with high accuracy based on SVM, Logistic and Random Forest classifiers, while Bayes classifier yields lower predictive performance. When combined with clinical and radiographic qualitative features, the clinics-radiomics nomogram can improve the performance of predicting MYCN amplification.
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Introduction

Neuroblastoma (NB) is one of the most common solid malignancy in children originating from neural crest tissues along the sympathetic chains (1). NB can arise from various anatomical compartments (i.e., neck, chest, abdomen or pelvis), but most frequently arise from the abdomen (adrenal gland or extra-adrenal retroperitoneum), accounting for 73% of all systems (2). As a kind of heterogeneous tumor, the clinical outcome of abdominal NB varies from spontaneous regression to extensive systemic metastasis (3). For the pediatric patients with abdominal NB in advanced stage, the long-term survival rate is less than 50% regardless of the intensive treatment (4). Therefore, risk stratification is vital enough to choose the optimal therapy for individuals in the era of precision medicine (5). Among the various attempts from different international groups aimed to identify factors that can be used to risk stratification and to define an sub-population with poor clinical outcome (6), all groups highlight the significance of MYCN amplification status for defining high-risk group and consider that all patients with MYCN amplified are prone to relapse (2). Clinically, the amplification of MYCN oncogene is significantly correlated to an aggressive phenotype (7). Therefore, the detection of MYCN amplification status is critical to risk-stratify patients. However, as an invasive method, traditional biopsy may cause various complications (8). Meanwhile, the availability of detection of MYCN has been hindered by the limited access to genetic testing methods in many institutions (9), therefore, an alternative non-invasive method is needed to characterize the MYCN amplification status availably.

In recent years, the increasing application of radiomics in solid tumors has resulted in the emergence of radiogenomics. The heart of radiogenomics is to identify and predict the expression of clinically significant molecular biomarkers of tumors by analyzing high-dimensional quantitative signatures extracted from tumor regions of interest (ROIs) in radiographic images (9, 10). Compared with histopathology and genetic testing methods, radiogenomics not only can overcome sampling bias and the possible complications caused by biopsy, but also is expected to provide more comprehensive and accurate information in predicting the biomarkers (9). To date, the application of radiogenomics in pediatric tumors is mainly focused on MRI-based signatures of medulloblastoma, and the CT-based radiogenomics is rarely used (11, 12). Although a recent study has shown the potential of CT-based signature in the prediction of MYCN amplification of NB and ganglioneuroblastoma (GNB) (8), there were some problems with the patients’ selection, in which nonabdominal NB and GNB were also enrolled, because previous literatures have demonstrated that MYCN amplification rarely occurs in nonabdominal NB and GNB (13, 14). Meanwhile, due to the heterogeneity of NB, the ROIs selectively delineated on several largest levels of the tumor cannot reflect the biological characteristics of the tumor comprehensively (15). Instead, the whole-tumor ROIs delineated on all slices in other radiomics studies have contributed to reduce sampling bias and improve intra- and inter-observer consistency (16, 17).

In the present study, we developed and validated the CT-based radiomics features combined with various machine learning methods for predicting MYCN amplification of abdominal NB in the cohort of pediatric patients. Besides, we constructed a clinical model based on clinicopathological parameters and radiographic features, and then added the radiomics signature to develop radiomics-clinics model. The predictive performance of clinical model, radiomics model and radiomics-clinics model was finally evaluated and compared according to the AUC and Delong test.



Materials and Methods


Patients and MYCN Amplification Characterization

The Ethics Committee of our hospital approved this single-center retrospective study and waived the requirement for informed patient consent. We identified 172 abdominal NB patients with MYCN amplified (n = 47) and non-amplified (n = 125) by searching the medical record management system and radiology picture archiving and communication system (PACS) of our department from May 2012 to August 2020 consecutively according to the inclusion and exclusion criteria. Inclusion criteria were: (1) availability of abdominal contrast-enhanced CT with sufficient image quality, including non-enhanced, arterial and venous phase; (2) patients without any radiotherapy, chemotherapy or surgical treatment before the first CT examination; (3) pathologically confirmed abdominal NB; (4) with the detection of MYCN status. Exclusion criteria were: (1) patients with ganglioneuroma or GNB; (2) patients with nonabdominal NB (e.g., neck, chest or pelvis); (3) abdominal NB patients absent of three-phrase CT scans; (4) insufficient image quality; (5) without the detection of MYCN status; (6) abdominal NB patients with prior treatments. The detailed workflow of patients’ selection is shown in Figure 1.




Figure 1 | The workflow of patients’ selection in our study.



The study cohort was randomly stratified sampling into training group and testing group in a proportion of 7:3. Clinicopathological parameters, including gender, age (month), histopathology, INSS stage, Shimada classification and urinary vanillylmandelic acid (VMA) were collected from medical records. According to the differentiation degree, the histopathological results were categorized into two groups: undifferentiated or poorly differentiated, and differentiated NB (8). The prognostic Shimada classification of patients was defined as favorable histology (FH) and unfavorable histology (UFH) on the basis of age, degree of differentiation and mitotic karyorrhectic index (MKI) of NB (18). The MYCN gene copy number was detected by fluorescence in situ hybridization (FISH) method in all specimens using a MYC-N/LAF double probe, and cases with the number of signals exceeding 10-fold MYCN copies were considered to be MYCN amplified (18). The intervals between the MYCN status detection and contrast-enhanced CT scans of the same patient in the present study were less than a month.



CT Scanning

All CT scans were acquired during a single breath-hold in cooperative children or during quiet respiration in children unable to suspend respiration, and those who could not cooperate were sedate by oral administration of 10% chloral hydrate (0.5 ml/kg, body weight) before examination. All abdominal three-phase CT scans, including non-enhanced phase (NP), arterial phase (AP), and venous phase (VP), were performed on Lightspeed VCT 64-slice spiral CT (GE Healthcare, USA) scanner or Brilliance ICT 256-slice spiral CT (Philips, Netherlands) scanner. The CT scanning parameters were (1) tube voltage: 120 kV; (2) tube current: 200 mAs; (3) pitch: 0.984:1; (4) slice thickness: 5.0 mm; (5) slice interval: 5.0 mm; (6) reconstructed slice thickness: 1.25 mm. Nonionic iodinated contrast material (Omnipaque 300 mg I/mL or Visipaque 320 mg I/ml, GE Healthcare) was used. Contrast material (2 ml/kg, body weight) was injected into peripheral vein of the forearm with a power injector at a rate of 1–3 ml/s. AP and VP of post-contrast scanning were performed at 20–35 and 60–70 s respectively after contrast material administration.



Imaging Analysis

All CT examinations were transmitted to the workstation for review and analysis. All images were initially analyzed independently by two experienced pediatric radiologists without knowledge of the MYCN status. The tumor features, including calcification (present or not), infiltrating across midline (exceeding the contralateral edge of the spine, present or not) and necrosis (present or not), were recorded[8]. Disagreements were resolved by negotiation.



Clinical Model Building

Clinicopathological parameters of MYCN-amplified and non-amplified groups included gender, age, histopathology, INSS stage, Shimada classification and urinary vanillylmandelic acid (VMA) and radiographic features. Influence characteristics that were statistically significant with p<0.05 in the univariate logistic analyses were included in the multivariate analysis following the stepwise selection method. The Akaike information criterion (AIC) and Log-Likelihood were used as the stopping rules to select the most predictive clinical features.



Image Preprocessing and Tumor Segmentation

Before the tumor segmentation, isotropic voxel resampling into 1 mm × 1 mm × 1 mm with linear interpolation was used to image preprocessing for purpose of normalizing the geometry of CT images. The ROIs of whole-tumor were manually 3D-delineated on three phrases respectively using a free open-source software package (ITK-SNAP, ver.3.4.0) by a pediatric radiologist with 2 years of experience, and the ROIs were then reviewed and confirmed by the other pediatric radiologist with 10 years of experience (Figure 2). The ROIs included the calcification and necrosis area of the lesion. The ROIs segmentation of each tumor was performed twice by reader 1 (time-interval of 2 weeks) and once by reader 2. The intra-observer class correlation coefficients (ICCs) were calculated based on the features extracted from the ROIs delineated by reader 1 at different time points.




Figure 2 | Examples of manual delineated regions of interests (ROIs) of amplified and non-amplified NB. Delineation of the ROI on one slice of a non-amplified NB (Female, 2 months, asymptomatic) on non-enhanced phase (NP) (A), arterial phase (AP) (B), and venous phase (VP) (C); Delineation of the ROI on one slice of an amplified NB (female, 2 years, presented with abdominal palpable mass) on NP (D), AP (E), and VP (F).





Radiomics Features Extraction and Selection

The images and corresponding ROIs were imported into the in-house software (Artificial Intelligence Kit, AK, Version V3.2.2.R, GE Healthcare) together, and then features extraction was performed with AK software. The radiomics features were classified into seven groups including: first order, shape, gray-level co-occurrence matrix (GLCM), gray-level size-zone matrix (GLSZM), gray-level run-length matrix (GLRLM), neighborhood gray-tone difference matrix (NGTDM) and neighboring gray-level dependence matrix (GLDM). To enhance intricate patterns in the data invisible to the human eye, advanced filters, including Laplacian of Gaussian (LoG; sigma, 2.0 and 3.0 mm), and wavelet decompositions with all possible combinations of high (H) or low (L) pass filter in each of the three dimensions (HHH, HHL, HLH, LHH, LLL, LLH, LHL, HLL), were applied. A total of 3654 radiomic features of each patient (1218 features in each phase) were finally extracted from the ROIs based on NP, AP and VP.

Because many of the extracted high-dimensional features are often redundant and meaningless, a variety of methods were used for dimensionality reduction. To begin with, intra-observer analysis was used to assess the reliability and reproducibility of the features in order to find out the robust features. Features with ICCs higher than 0.80 were considered reliable and selected. Then, two feature selection methods, the maximum relevance minimum redundancy (mRMR) and the least absolute shrinkage and selection operator (LASSO) regression, were applied to eliminate the redundant and irrelevant features and choose the optimized subset of features to construct the radiomics models. Due to the CT scans in our study were performed on two scanners from different manufacturers (Lightspeed VCT and Brilliance ICT), the performance of radiomics features derived from two scanners was evaluated by ROC analysis and Delong test. Rad-score was calculated by summing the selected features weighted by their coefficients.



Machine Learning

The selected features from the training group were used to establish radiomics models based on three-phrase using Logistic regression, Support Vector Machine (SVM), Bayes and Random Forest. The performance of the developed radiomics models were then validated in both training and testing groups according to the area under the receiver operator characteristic (ROC) curve (AUC). The Delong test was used to compare the performance of four different machine learning models.



Nomogram Building and Evaluating

Finally, the radiomics signature was added to build the radiomics-clinics nomogram incorporated of statistically significant clinicopathological parameters and radiographic features on the basis of the results of multivariate logistic regression analysis in the training group. The predictive performance of the clinical model, radiomics models, and nomogram was evaluated according to the area under the receiver operator characteristic (ROC) curve (AUC) in both training and testing groups, and the Delong test was applied to compare the performance of different models.



Statistical Analysis

IPM statistics (IPMs, version 2.4.0, GE healthcare) and R programming language (ver. 3.4.2, http://www.r-project.org) were used to carry out statistical analysis. A chi square test or Fisher’s exact test was used for the nominal variables, and a Mann–Whitney test was used for the continuous variables with abnormal distribution between the two cohorts. A two-tailed p <0.05 indicated statistical significance. “mRMRe” and “glmnet” packages were used to carry out the mRMR and LASSO respectively. The “pROC” package was used to perform Delong test and plot the ROC curves of each model. The “rms” package was used to carry out machine learning and build clinical-radiomics nomogram.




Results


Patient Characteristics and Clinical Model Building

According to the inclusion and exclusion criteria, 172 patients were identified in the present study (47 patients with MYCN amplified and 125 patients with MYCN non-amplified). The patients were divided into training group (n = 121) and testing group (n = 51) randomly in a proportion of 7:3, and the characteristics of patients are detailed in Table 1. The meaningful characteristics, including the INSS stage, Shimada classification, infiltrating across midline, calcification, necrosis and VMA, were identified as significant with p <0.05 by univariate analyzing. Among them, four characteristics, including Shimada classification (odds ratio (OR) = −2.22, p <0.001), infiltrating across midline (OR = 0.89, p = 0.352), calcification (OR = −1.363, p = 0.0017) and VMA (OR = −0.019, p = 0.0127) were selected using the stepwise selection by multivariate logistic regression analysis (Table 2). The AIC criterion was in the multivariate analysis following the stepwise selection method, and the model with smallest AIC value would be chosen. The AIC value of the selected model was 171.4549.


Table 1 | Clinicopathologic and radiographic features in training and testing groups.




Table 2 | Univariate and Multivariate logistic analysis in the cohort.





Feature Selection and Machine Learning

A total of 1,218 radiomics features were automatically extracted for each segmented ROI (NP, AP and VP). 734 features were firstly selected with ICCs higher than 0.80 by intra-observer analysis. Before selection of the 734 features, the abnormal or missing values were replaced by the median, and features standardization was applied. And then, mRMR and LASSO were used to select the most optimal features. After the redundant and irrelevant features were removed by mRMR, 30 features from AP, NP and VP were retained. Then LASSO was conducted to identify the final 14 optimal features, including one first-order feature and eight wavelet-transformed features and five LoG-transformed features, to construct the radiomics models. The LASSO includes choosing the regular parameter λ and determining the number of the feature (Figure 3). After the number of features determined, the most predictive subset of features was chosen and the corresponding coefficients were calculated (Figure 4). The comparison of radiomics signatures derived from two scanners is shown in Supplementary Figure 1 and Table 1, and the performance of the signatures from two scanners was different. Rad-score was calculated by summing the selected features weighted by their coefficients. The final formula of rad-score is showed in Supplementary Figure 2.




Figure 3 | The LASSO includes choosing the regular parameter λ, determining the number of the feature.






Figure 4 | The most predictive subset of feature was chosen and the corresponding coefficients were evaluated in the training group.



The ROC curves of the four machine learning models in the training and testing groups are shown in Figure 5. In the training group, the AUC among the Logistic, SVM, Bayes and Random Forest was 0.940, 0.940, 0.780 and 0.927, respectively, and the corresponding AUC in the testing group was 0.909, 0.909, 0.729, 0.851, respectively. The Delong test was applied to compare the performance of the four models. There was no significant difference among the Logistic, SVM and Random Forest model (Logistics vs SVM: p = 0.99, Logistic vs Random Forest: p = 0.33, SVM vs Random Forest: p = 0.33), but all better than the Bayes model (p <0.005) (Table 3).




Figure 5 | ROC analysis used to evaluate the predictive performance of different radiomics models in the training and testing groups.




Table 3 | Comparison of four different machine learning model based on three-phrase in the training and testing groups.





Nomogram Building and Evaluating

After performing multivariate logistic regression analysis, the radiomics-clinics nomogram was built by incorporating of clinical-radiological predictors (Shimada classification (odds ratio (OR) = −2.22, p <0.001), infiltrating across midline (OR = 0.89, p = 0.352), calcification (odds ratio (OR) = −1.363, p = 0.0017), VMA (odds ratio (OR) = −0.019, p = 0.0127)) (detailed in Figure 6) and the calculated radscore. The ROC analysis of the clinical model, radiomics model, and nomogram is illustrated in Figure 7 and the comparison of different models is shown in Table 4. The nomogram had a superior predictive performance than using the clinical model alone, accompanied with an improved AUC value from 0.770 to 0.946 in the training group and 0.917 to 0.977 in the testing group. The performance of the Logistic radiomics model based on three-phrase is similar to nomogram, but both better than clinical model and radiomics model based on single venous phase (Table 4).




Figure 6 | The developed nomogram and calibration curve. (A) The nomogram was developed in the training group and incorporated the radiomics signature, Shimada types, VMA, Infiltrating across midline and calcification. (B) Calibration plots of the nomogram in the training group. (C) Calibration plots of the nomogram in the testing group.






Figure 7 | ROC analysis among the clinical model, radiomics model and nomogram in the training and testing groups.




Table 4 | Comparison of different models in the training and testing groups.






Discussion

MYCN amplification status plays a significant role in risk classification of NBs, and NBs with MYCN amplified are usually classified into the high-risk group, where the patients need intensive treatment of operation, radiotherapy and chemotherapy (19). In addition to genetic testing method, radiogenomics, which focusing on establishing the correlation between imaging features and molecular biomarkers, is expected to provide an alternative method to characterize and predict the MYCN amplification status of neuroblastoma noninvasively and inexpensively (8, 20). Previous studies on radiogenomics have demonstrated its potential to predict mutated genes in the solid tumors (11, 12, 20, 21). Among adult tumors, CT-based radiogenomics has been widely studied in lung, kidney and liver neoplasms (22–24). However, there have been a few reports on CT radiogenomics in pediatric tumors (8). In this study, data from clinicopathologic parameters (Shimada classification, VMA) and radiographic features (infiltrating across midline, calcification and radiomics features) were selected to develop predictive models for the MYCN amplification of pediatric abdominal NB. Compared to the other study of CT radiogenomics in pediatric NB and GNB (8), we only enrolled the pediatric patients with abdominal NB, because MYCN amplification mostly occurs in abdominal NB (13, 14). Meanwhile, we delineated the whole-tumor ROIs on all slices for the purpose of improving intra- and inter-observer consistency. In addition to first-order and textural features, higher-order features transformed by wavelet and LoG were also extracted to further evaluate the optimal radiomics features correlating with MYCN amplification. Moreover, we also compared the performance of radiomics models developed by four common machine learning methods.

In the present study, quantitative radiomics features, derived from CT images of the whole-tumor ROIs on three-phrase, were extracted and selected by using ICCs, mRMR and LASSO methods. mRMR refers to Maximum Relevance and Minimum Redundancy, which is used to select the optimal features that are most relevant to the classification task but least redundant to each other. mRMR is an algorithm based on mutual information, similar to the Maximum Dependency algorithm. However, unlike Maximum Dependency algorithm, which is not applicable in the case of large number of features, mRMR is especially suitable for high-dimensional data space (25). After the redundant and irrelevant features were removed by mRMR, LASSO regression model was used to prevent overfitting of the selected radiomics features. The main advantage of LASSO method is that it does not compress the variable with larger parameter estimation, while the variable with smaller parameter estimation is compressed exactly to zero. The complexity of the model is controlled through a series of parameters, so as to avoid overfitting. Moreover, the parameter estimation of LASSO analysis has continuity, which is suitable for the model selection of high-dimensional data (26).

Finally, 14 features from three phases were identified as the most predictive subset of feature to construct the radiomics model, including one original first-order feature and eight wavelet-transformed features and five LoG-transformed features. Among the final selected features, the higher-order features filtered by wavelet and LoG filters were obviously superior to the original first-order and textural features. Chen et al. (16) investigated the role of CT-based radiomics to differentiate pelvic rhabdomyosarcoma from yolk sac tumors in children. Among the 10 features selected in their radiomics model based on each phrase, most of the selected features were wavelet-transformed features. Wavelet and LoG are both higher-order statistical methods imposing filter grids on the images, and could possibly reflect more information about vascularity and spiculation of the lesion (27). The principle of wavelet is to put a matrix of linear or radial “waves” on images, while LoG is mostly used to extract features from areas with coarse textural pattern (27). Besides, we evaluated the performance of radiomics features from two scanners, and the results showed that the performance of two signatures is different. One reason for this difference may be that radiomics features are correlated with different scanners from different manufactures, and the other reason may be that the sample size of patients scanned on Lightspeed VCT (GE Healthcare) was relatively too small.

The results of our study showed that radiomics models based on NP, AP and VP images can predict MYCN amplification in pediatric abdominal NB, while the performance of different machine learning radiomics models varies. The AUC in the training group among the Logistic, SVM, Bayes and Random Forest was 0.940, 0.940, 0.780 and 0.927, respectively, and the corresponding AUC in the testing group was 0.909, 0.909, 0.729, 0.851, respectively. The Logistic and SVM models have the best predictive performance with the same value of AUC. According to Delong test, there was no significant difference among the Logistic, SVM and Random Forest model, but all better than the Bayes model. In previous studies, researchers mostly chose one classifier to build radiomics model, and there is no consensus on the best-performing classifier method. Deist et al. (28) compared the performance of different classifiers (decision tree, random forest, neural network, support vector machine, elastic net logistic regression, LogitBoost) in predicting radiotherapy outcomes. In their study, Random forest and elastic net logistic regression performed better than other classifiers. Machine learning classifiers can be used to identify the best combination of radiomics features, while different algorithms have different advantages and disadvantages (29). Therefore, we should choose the optimal machine learning method with overall maximal predictive performance according to the specific clinical application.

In addition, we constructed a nomogram combining clinical parameters, imaging features and radscore. The variables including Shimada classification, VMA, infiltrating across midline and calcification were selected to build the nomogram with the most predictive signatures of radiomics. In this study, UFH was found to show significant correlation with MYCN amplification. This finding supported the previous study which also found that MYCN-amplified NBs were mostly categorized as UFH group (18). Besides, we found that the majority of NBs infiltrating across midline were MYCN-amplified, which is consistent with the finding of Wu et al. (8), but calcification in NB was found to be related to MYCN amplification. The nomogram had a superior predictive performance than using the clinical model alone, accompanied with an improved AUC value from 0.770 to 0.946 in the training group and 0.917 to 0.977 in the testing group. Besides, we found that the radiomics features used to construct the radiomics models were mostly derived from the NP and VP, so we developed Logistic radiomics model based on single VP. Then, we further evaluated and compared the predictive performance of the nomogram, Logistic radiomics VP model and Logistic radiomics three-phrase model. Although compared with radiomics model, nomogram did not significantly improve the prediction of MYCN amplification, they were both better than clinical model and radiomics model based on single venous phase, which demonstrated that the radiomics features are useful for predicting MYCN amplification and radiogenomics is expected to be involved in risk stratification in NB patients.

Despite our study showed that CT-based radiomics has the potential to predict MYCN amplification in pediatric abdominal NB, there were some limitations. First, this was a retrospective study, which may cause inherent selection bias, especially for those valuable absent clinical indicators that could potentially improve the performance of clinics-radiomics nomogram. Second, we only enrolled 172 patients in the present study because MYCN status has begun to be detected in recent years in our hospital. Previous literatures have shown that MYCN amplification usually occurs in about 20% of neuroblastoma. As a tertiary referral medical center, we have accumulated a certain number of MYCN-amplified cases over the past several years, and the inclusion of more cases will take some time in the future. Third, the CT scans of enrolled patients were performed on two scanners from different manufacturers in the study, from which the derived features have a certain influence on the predictive performance of radiomics models. Fourth, we only choose four common machine learning methods to build radiomics models, and the performance of other classifiers still needs to be evaluated.



Conclusions

In conclusion, the CT-based radiomics signature is able to predict MYCN amplification of pediatric abdominal NB with high accuracy based on SVM, Logistic and Random Forest classifiers, while Bayes classifier yields lower predictive performance. Thus, one of these three machine learning methods should be the first consideration for researchers to construct predictive models for MYCN amplification of abdominal NB. When combined with clinical and radiographic qualitative features, the clinics-radiomics nomogram can improve the performance of predicting MYCN amplification. With the development of tumor molecular stratification, radiogenomics is expected to provide a promising method to characterize and predict molecular biomarkers noninvasively.
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Glioma is the most common primary central nervous system tumor, accounting for about half of all intracranial primary tumors. As a non-invasive examination method, MRI has an extremely important guiding role in the clinical intervention of tumors. However, manually segmenting brain tumors from MRI requires a lot of time and energy for doctors, which affects the implementation of follow-up diagnosis and treatment plans. With the development of deep learning, medical image segmentation is gradually automated. However, brain tumors are easily confused with strokes and serious imbalances between classes make brain tumor segmentation one of the most difficult tasks in MRI segmentation. In order to solve these problems, we propose a deep multi-task learning framework and integrate a multi-depth fusion module in the framework to accurately segment brain tumors. In this framework, we have added a distance transform decoder based on the V-Net, which can make the segmentation contour generated by the mask decoder more accurate and reduce the generation of rough boundaries. In order to combine the different tasks of the two decoders, we weighted and added their corresponding loss functions, where the distance map prediction regularized the mask prediction. At the same time, the multi-depth fusion module in the encoder can enhance the ability of the network to extract features. The accuracy of the model will be evaluated online using the multispectral MRI records of the BraTS 2018, BraTS 2019, and BraTS 2020 datasets. This method obtains high-quality segmentation results, and the average Dice is as high as 78%. The experimental results show that this model has great potential in segmenting brain tumors automatically and accurately.
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Introduction

Glioma is the most common and aggressive brain tumor. It is diffuse and can spread to any part of the brain, which makes it difficult to detect (1). According to the statistics, the annual incidence of glioma is about 5 cases per 100,000 people (2, 3). Although gliomas are less common than other fatal diseases, they are poorly treated and have a higher mortality rate (4). The World Health Organization (WTO) divides gliomas into 4 grades, grades 1 and 2 are low-grade gliomas (LGG), and grades 3 and 4 are high-grade gliomas (HGG), which grade 4 glioma patient survival time of less than one year (1). Therefore, early diagnosis plays a vital role.

Magnetic resonance imaging (MRI) is an important method in medical imaging diagnosis (5). It can visualize interesting parts of the brain, generate multi-modal images, and provide more information of the tumor, so it is widely used in clinical diagnosis, treatment, and surgical planning (6). Generally, clinicians manually segment brain tumor regions on two-dimensional MRI slices or planar projections to facilitate the implementation of the next treatment plan (7). However, this method of segmentation is laborious and subjective (6). A patient usually has hundreds of slices, manual segmentation will consume a lot of time and energy for the doctor. Moreover, the boundaries of brain tumors are blurred and it is difficult to distinguish from healthy tissues, which also makes the segmentation results of experts differ (8, 9). Therefore, it is urgent to use computer technology to realize automatic segmentation of medical images. In recent years, with the development of deep learning, convolution neural networks (CNN) has been widely used in the field of medical image segmentation, and CNN has become the main method for its high efficiency and time-saving. In this paper, brain tumor segmentation is a multi-category segmentation task, which often requires a more complex network structure to obtain the ideal segmentation result. Based on this, we propose a new network structure to segment brain tumors, called the deep multi-task learning framework. The contributions of this article are mainly in the following aspects:

	In this paper, we propose a deep multi-task learning framework to improve the discontinuity problem of mask boundary prediction. It adds a distance transform decoder based on V-Net, which regularizes the mask decoder to ensure the smoothness of segmentation prediction.

	We also propose the use of linear weighting to combine the loss function of mask prediction and distance estimation tasks, and discuss the impact of weight changes on segmentation accuracy. Besides, we also set weights in the loss function of mask prediction to reduce the model’s attention to the background.

	We integrate the multi-depth fusion module into the down-sampling stage, which can effectively fuse global information and local information, improving the ability of the network to extract features. In the control group experiment, we remove the multi-depth fusion module and find that the accuracy was reduced, which can verify the effectiveness of the module in improving accuracy.



The rest of this article is as follows. Section 2 describes the development of image segmentation, related research on MRI segmentation of brain tumors, and a summary of the work of the article. In Section 3, we elaborated on the proposed method, including data preprocessing, the principle of the model, and the loss function. In the fourth section, we give the details of the experiment. Then we presented and discussed the experimental results in Section 5, and finally summarized the conclusions in Section 6.



Related Works


Traditional Image Segmentation Method

The earliest and most traditional image segmentation method is based on threshold segmentation. The basic principle of the threshold segmentation method is to divide the image pixels into the target area and the background area by setting the characteristic threshold. Taheri S. et al. used a threshold-based method to segment three-dimensional brain tumors, and adopted two threshold update schemes for searching and self-adaptation, achieving automatic or semi-automatic segmentation according to the complexity of the tumor shape (10). A more widely used algorithm is a segmentation algorithm based on edge detection, which is one of the most studied methods. Max W.K. et al. proposed an edge detection method based on weighted local variance for blood vessel boundary segmentation, which is robust to changes in edge intensity contrast (11). But the edge segmented by this method is not continuous.



Machine Learning

The segmentation method of machine learning is mainly divided into two categories: supervised learning and unsupervised learning. Supervised learning includes KNN, Bayes, and ANN algorithms. Unsupervised learning mainly includes some clustering methods, such as K-means, FCM, etc. Anbeek P. et al. applied the KNN algorithm to skull MRI to segment multiple sclerosis lesions. This method uses voxel position and signal strength to determine the probability of each voxel lesion to generate probabilistic segmentation images (12). In order to improve the segmentation of brain PET images, Xia Y. et al. proposed to incorporate the a priori anatomical knowledge represented by the probabilistic brain atlas into the variational Bayes to segment gray matter, white matter, and cerebrospinal fluid in brain PET-CT images (13). Franklin S.W. et al. used ANN technology based on Gabor and moment-invariant features to segment the retinal blood vessels in the fundus to accurately obtain the width of the blood vessels (14). In medical image segmentation, the most commonly used clustering method is k-means clustering. Moftah H.M. et al. proposed an adaptive k-means clustering method, which maintains the best results in the iterative process and can effectively segment MR breast images (15). The fuzzy C-means algorithm based on objective function is also commonly used. Chen W. et al. applied the fuzzy c-means (FCM) clustering method to the wind field to segment breast lesions from MRI-enhanced images (16).



Deep Learning

With the development of deep learning, the CNN is gradually applied to image segmentation, which greatly improves the accuracy of image segmentation. Fully Convolutional Networks (FCN) is the first network structure that successfully uses deep learning for image semantic segmentation. FCN converts the fully connected layers in classification networks such as AlexNet, VGG Net, and GoogLeNet into convolutional layers and applies them to segmentation tasks to achieve pixel-level semantic segmentation (17). Badrinarayanan V. et al. proposed a new semantic pixel segmentation network structure SegNet, which is based on the DeconvNet. Their innovation is to input feature maps during the up-sampling process to better restore the information lost during the down-sampling process (18). U-Net is a segmentation network with a simple structure proposed by Ronneberger et al., which is widely used in medical image segmentation because it can adapt to a small training set. It is similar to FCN, but the difference is that U-Net uses features to be stitched together in the channel dimension to form a thicker feature, while FCN adds features point by point (19). Although CNN is very popular, most methods can only process two-dimensional images, and most medical data used in clinical practice is composed of three-dimensional volumes. Milletari et al. proposed a three-dimensional image segmentation network based on U-Net. Their network is trained end-to-end on the 3D MRI of the prostate and can predict the segmentation of the entire 3D image at once (20). Liu et al. proposed a new convolutional neural network, which consists of three independent sub-networks, including an improved ResNet50, a feature pyramid attention network and a naive decoder network. The three networks are connected to form an end-to-end prostate segmentation model (21). Ding et al. proposed a fuzzy information deep learning segmentation (Fl-DL-Seq) network to segment infant brain tissue. They use the volumetric fuzzy pooling (VFP) layer to model the local fuzziness of the volume convolution map by fuzzing, accumulating and deblurring the neighborhood of the adjacent feature map (22).



Brain Tumor Segmentation

Although a large number of neural network structures have achieved high segmentation performance in the segmentation field, they are not necessarily adaptable to the field of brain tumors. Due to the complexity of multi-modal brain tumors, in order to obtain clinical segmentation effects, the network structure must be designed according to the characteristics of brain tumor MRI images, for this reason, many experts have done a lot of research. Lachinov D. et al. proposed a deep cascade method for automatic brain tumor segmentation, which modified the three-dimensional U-Net architecture to effectively process multi-modal MRI input. They used multiple encoders to make each individual mode independently generating a corresponding feature map (7). Feng X. et al. proposed to use a set of three-dimensional U-Net with different hyperparameters to segment brain tumors. They trained the six networks with different encoder/decoder block numbers, different input patch sizes, and different loss weights, and finally performed integrated modeling (23). Lele C. et al. proposed a model based on 3D convolutional neural networks. Their innovation lay in extracting features from two different scales to obtain multi-scale context information. They also proposed a new structure, that was, according to the characteristics of the brain tumor lesion area, the lesion sub-regions were stratified (24). Zhou C.H. et al. proposed a lightweight deep model based on the model cascade (MC) strategy, a one-time multi-task network (OM-Net), which could better solve the problem of class imbalance. Besides, they also designed a cross-task guided attention (CGA) module that could adaptively recalibrate the channel characteristics (25). Myronenko A. et al. designed a variational autoencoder (VAE) branch to reconstruct the input image in a network based on the encoder-decoder architecture. The function of the VAE branch was to jointly reconstruct the input image and the segmented image to standardize the shared encoder (5). Zhang et al. proposed a brain tumor segmentation model based on multi-encoders. Each modal image corresponds to a down-sampling path. This one-to-one feature extraction method reduces the complexity of the feature extraction (26).



Our Work

Segmentation of brain tumor MRI data based on multimodality is challenging for the following reasons. First of all, brain tumors may show similar characteristics with glial hyperplasia and stroke, which is easy to cause confusion (1). Second, brain tumors can appear in any part of the brain. Besides, the size, shape, and appearance of brain tumors in different patients are also different, which increases the difficulty of segmentation (27). Finally, the main difficulty of the brain tumor segmentation task is the imbalance between the classes. Since the lesion area is very small in most cases, the background area dominates, resulting in low segmentation accuracy (24). All these make the task of brain tumor segmentation more difficult.

In this article, in order to deal with the above challenges, we propose a deep multi-task learning framework combined with a multi-depth fusion module. It is a derivative of the V-Net network structure. The traditional V-Net has only one decoder, which will produce discontinuous boundaries in the segmentation results. Therefore, we propose a parallel decoder architecture to perform distance estimation while predicting the mask to ensure the smoothness of the prediction result. As shown in Figure 1A, the first decoder is used to predict the mask, and the second decoder is used to estimate the distance map. The main function of the distance decoder is to regularize the mask prediction path to make the boundary of the mask smooth and continuous. In order to combine the two tasks, we propose a new loss function, which consists of two parts: the categorical focal loss of the mask decoder block and the mean square error of the distance transform decoder block. The final loss function is the weight of the above two sum up. We also set some weights for Categorical Focal loss to reduce the attention of the model to the background area and alleviate class imbalance. In order to improve the ability of the model to extract features, we integrate the multi-depth fusion module into the encoder (28). This module averages and fuses multi-level feature signals, which can effectively capture global features and local features. Based on the brain tumor data provided by the BraTS 2018, BraTS 2019, and BraTS 2020, we evaluate the model and compare it with the methods proposed by other researchers and participating teams. Experimental results show that this method has a good segmentation effect.




Figure 1 | (A) Flow chart of our deep multi-task learning framework for brain tumor segmentation. (B) Brain tumor images before and after the standardization.






Methods

The task of this paper is to segment brain tumors from three-dimensional MRI images. In order to obtain higher segmentation accuracy, we propose a deep multi-task learning framework based on V-Net and integrate the attention module in the encoder. Figure 1A shows the flow chart of all work. In this section, we will introduce in detail the preprocessing process and the structure of the deep multi-task learning framework.


Pre-Processing Steps

The BraTS data all have four MRI sequences with different contrasts: fluid attenuation inversion recovery (FLAIR), T1-weighted (T1), T1-weighted contrast enhancement (T1-CE), and T2-weighted (T2), different contrast may lead to slow convergence or disappearance of gradients during training, so images must be standardized. We standardize the four modes separately and then merge the modes. Here we choose Z-score for standardization, that is, the image minus the mean divided by the standard deviation. In Figure 1B, we show the comparison images before and after standardization. The left side is before standardization and the right side is after standardization (Figure 1B). It can be seen that the characteristics of the tumor are more obvious after standardization. The standardized formula is as follows:



among them,   represents the normalized image, X represents the original image,   represents the mean value of the image, and σ represents the standard deviation of the image.

After standardization, the MRI images of four modal sequences with a size of 240×240×155×1 are combined to generate a three-dimensional image of four channels, and the combined image size is 240×240×155×4. Then split the Mask image, that is, each type of label image is used as a separate channel image. The original image size is 240×240×155×1, the generated size is 240×240×155×4, and then the one-hot operation is performed on each channel. The non-zero value in channel 0 is the background area, and the non-zero value in channel 1 is the gangrene area, the non-zero value in channel 2 is the edema area, and the non-zero value in channel 3 is the enhanced tumor area. Finally, a patch operation is performed on the image and the mask, and several images and masks with a size of 128×128×64×4 are generated.



The Deep Multi-Task Learning Framework

The basic idea of a deep multi-task learning framework is to implement feature information extraction at different resolution levels through alternately stacked convolutional layers and down-sampling layers. Then, the features extracted by the deconvolution joint encoder are used to realize the step-by-step resolution restoration and feature information restoration. Distance transform encoder helps smooth segmentation prediction and attention module helps feature extraction. Its network structure is shown in Figure 2A. We will elaborate on the innovation of the model from three aspects: the multi-depth fusion module, the distance transform decoder, and the loss function.




Figure 2 | (A) The network structure of our deep multi-task learning framework. (B) Structure diagram of the multi-depth fusion module. (C) A detailed illustration of the encoder.




Multi-Depth Fusion

The multi-depth fusion module was originally used to perform whole-heart segmentation of CT images. Ye C. et al. applied the module to 3D U-Net to obtain the most advanced results (28). It is incorporated in the down-sampling part of our model. The structure of the multi-depth fusion block is shown in Figure 2A, and all convolution operations in the structure use a convolution kernel with a size of 3×3×3 and a stride of 1.

The operation of superimposing and averaging the signal that has undergone two convolution operations on the feature map and the signal that has undergone one convolution operation is called the fusion of feature maps of different depths. The input feature map is subjected to two different depth feature map fusion operations, and the input feature map is subjected to a convolution operation, and then the two signals are superimposed and averaged. Finally, the output signal is combined with the input feature map again as the final output of the module, its specific process is shown in Figure 2B.

This module averagely merges the characteristic signals of different depths, which can continuously merge local and global information. Compared with simply merging feature maps of different depths, the multi-depth fusion module adopts a better iterative layered fusion method. This architecture ensures that the deep feature map can effectively receive feature information from the shallow feature map. The final signal input and output resolution remain the same. The original encoder block consists of two to three convolutional layers and a downsampling layer. Now we place the multi-depth fusion module in front of each downsampling layer. The convolution still uses batch normalization and ReLU activation functions, just change the location of the ResNet connection. The specific structure is shown in Figure 2C.



Distance Transform Decoder

Our proposed network has two decoder modules with similar structures, and each decoder module is assigned a different task. The mask decoder module performs training mask segmentation according to pixel classification tasks, and the distance transform decoder module performs regression tasks to realize distance map estimation.

The distance transform decoder module is similar in structure to the mask decoder module. The image size is restored stage by stage by alternately stacking the deconvolution layer and the convolution layer, and the feature information extracted by the block-level connection joint encoder module is used to improve the predictive performance of brain tumor area contour. The difference with the mask decoder is the output channel in the distance transform decoder block is 3, which is equal to the number of input categories of the mask decoder block. We show in Figure 3 an example of the mask decoder output and the distance decoder output comparison. In all the figures illustrate the segmentation results, red color represents the tumor core (necrosis), yellow color represents the active tumor and green regions are the edema.




Figure 3 | The example output results of the two decoders. Red color represents the tumor core (necrosis), yellow color represents the active tumor and green regions are the edema.





Loss Function

The loss function of the model consists of two parts, the categorical focal loss of the mask decoder block and the mean square error of the distance transform decoder block. The final loss function learned by the optimizer is the weighted sum of the coefficients of the above two losses, where the distance graph prediction regularizes template prediction. The overall loss function formula is as follows:



where λ1 and λ2 are the scaling factors, Lmask is the loss function of the mask decoder, and Ldist is the loss function of the distance transform decoder. The loss function of the mask decoder is shown in (3) and (4),





where LFL is the pixel-by-pixel classification loss, y represents the true label, y’ represents the predicted value after activation by Softmax, and W represents the category weight.

We choose categorical focal loss to solve the problem of imbalance between the foreground and background categories of brain tumor images. It adds a gamma factor to the two-class cross-entropy loss. Here we set the gamma factor to 2, so that the model reduces the loss of background voxels, and makes the model pay more attention to the target voxels that are difficult to segment and easy to error. Finally, in order to further adjust the category imbalance, we assign a specific weight to each type of label, the background label weight is assigned a value of 0.1, and the ET, WT, TC area label weight is assigned a value of 1.0. For the loss function of the distance transform encoder, we refer to the practice of Balamurali M. et al. (29), using the mean square error loss. The loss function of the distance transform decoder is shown in (5),



where x represents the pixel, Ω is the number of voxels in the whole brain.   is the distance estimation map after activation of the Sigmoid function and   is the ground truth distance map.





Dataset and Experiments


Datasets

We evaluated our model on three different datasets, BraTS 2018, BraTS 2019, and BraTS 2020. These datasets all have two types of brain tumor data, namely high-grade glioblastoma (HGG) and low-grade glioma (LGG). The MRI of each sample contains four modes: fluid attenuation inversion recovery (FLAIR), T1 weighting (T1), T1-weighted contrast-enhanced (T1-CE), and T2 weighting (T2). The ground truth mask of the data has a necrotic area, edema area, and enhancement area. Our task is to segment the sub-regions formed by the nesting of three targets, the enhancing tumor (ET), the whole tumor (WT), and the tumor core (TC). They are all divided into the training set and unlabeled validation set by the organizer. Among them, BraTS2019 and BraTS2020 use the same test data, while the test data used by BraTS2018 is part of the 125 test data used by the former. The division of each dataset is shown in Figure 4.




Figure 4 | The division of the three datasets in the BraTS Challenge.





Evaluation Metrics

We follow the evaluation indicators of the brain tumor segmentation challenge in 2020, using Dice coefficient, sensitivity, specificity, and Hausdorff95 distance to measure the performance of the model. The Dice coefficient is an indicator of the overall evaluation, and its formula is defined as:



where TP, FN, and FP represent the number of voxels of true positive, false negative, and false positive respectively. Sensitivity is used to measure the proportion of voxels in the tumor area that are correctly labeled, which can indicate the accuracy of the model segmentation of the target area, which is defined as:



Specificity represents the accuracy of the background voxel being correctly predicted, it can measure the ability of the model to predict the background area, defined as:



where TN is the number of voxels with true negatives. Hausdorff95 distance measures the similarity between actual voxels and predicted voxels. The smaller the value, the closer the prediction is to the reality, it is defined as:



where X is the volume of ground truth, Y is the predicted volume, and d(.,.) is the distance from point x to point y.



Post-Processing Steps

The most difficult part of BraTS dataset segmentation is to distinguish between enhanced tumors and tumor cores, especially when some tumor patients do not have enhanced tumors. If there is no enhanced tumor label in the ground truth and prediction, the BraTS Challenge will set the Dice score to 1. But if the ground truth does not enhance the tumor, even if there is only one false positive voxel in the prediction, the Dice score will be 0 (30). This greatly affects the Dice value in the ET area. Therefore, we post-process the segmentation results. If the total number of predicted enhanced tumors is less than 500, we replace all enhanced tumor voxels with tumor cores.



Experimental Details

All our implementations are based on Tensorflow 1.13.1, which is currently one of the most mainstream deep learning frameworks. Besides, we use the Adam optimizer to train the model. The specific details are that the entire network is trained for a total of 500,000 steps, and each training set is traversed about 10 times. After each traversal of the training set, the order of the data is randomly shuffled to enhance the robustness of training. The learning rate is initially set to 0.0001, and the training set is traversed twice, reducing to half of the original. Finally, we use Mean Dice as the evaluation index for our training and output the loss value and accuracy index every 10 steps to achieve effective supervision of model training. At the same time, the model outputs the segmentation effect map and the corresponding real label map every 1000 steps and saves the parameter model. In this way, the segmentation effect of the model is further monitored through the visualization method. The segmentation effect map and the real label map during the training process are shown in Figure 5.




Figure 5 | Comparison of the ground truth mask and the prediction during training. Red color represents the tumor core (necrosis), yellow color represents the active tumor and green regions are the edema.



TensorFlow platform is used for algorithm development using PyCharm with Python 3.6. The runtime platform processor is Intel (R) Xeon (R) Silver 4210 CPU @2.20GHz with 128GB RAM and Nvidia Titan RTX GPU on a 64-bit Windows 10 workstation. All algorithms are trained and tested using the same GPU and environment.




Results and Discussion


Results

The brain tumor segmentation method proposed in this paper is experimentally evaluated on three different datasets, namely BraTS 2018, BraTS 2019, and BraTS 2020. The preprocessing and segmentation process of these three datasets are the same. There are multi-modal imaging protocols in these datasets: Flair, T1, T1-CE, T2. The data comes from different centers, and the magnetic field strength is also different. The ground-truth was manually created by experts (31), including three nested sub-regions: the enhancing tumor (ET), the whole tumor (WT), and the tumor core (TC). In order to obtain better results, we train on 3D volumes. We use the Dice coefficient, sensitivity, specificity, and Hausdorff95 distance as the evaluation indicators of the model. Tables 1 and 2 show the average results of the model on the validation sets, among them, “Post” represents the post-processing process added. The results show that the model achieves good segmentation results and has good robustness. Among them the segmentation accuracy of the WT and TC regions is high, but the segmentation accuracy of the ET region is slightly lower. The reason may be that the boundary between the ET region and the WT region is not obvious (32). We can see that post-processing has greatly improved the Dice accuracy in the ET area, with an average increase of 4%. The Dice value of all regions in the verification set of BraTS 2020 is greater than 0.75, especially the WT region is 0.86, which has exceeded the average level of existing methods. In particular, the specific value is stable at a high level, indicating that the model has stable performance in predicting the background area. At the same time, the sensitivity has also reached a very high level, and the accuracy of specificity is not much different, indicating that the model has a small difference in predicting target area and predicting background, and can effectively alleviate the problem of class imbalance in brain tumor segmentation. In MRI segmentation, multi-modal brain tumors are one of the most challenging tasks. Although our experimental results have some gaps compared with the top methods, we still achieve high accuracy.


Table 1 | Comparison of Dice and Hausdorff95 post-processing of three validation sets.




Table 2 | Comparison of Sensitivity and Specificity post-processing of three validation sets.



Figure 6 shows a combination of scatter plots and violin plots of the Dice and Hausdorff95 evaluation indicators in the three validation sets of BraTS. From the violin chart, it can be seen that the results are mainly concentrated in one area, and the median is obviously greater than the average, so the results are leftward and there are outliers. In the scatter plot, the data points are concentrated in areas with higher accuracy, which indicates that the model has a strong ability to predict individual situations.




Figure 6 | The result of the evaluation metrics of the validation set. (A) Dice and Hausdorff95 at BraTS 2018, (B) Dice and Hausdorff95 at BraTS 2019 and (C) Dice and Hausdorff95 at BraTS 2020.



We selected some representative segmentation results in the validation set for display, as shown in Figure 7. Among them (a) is the validation set of BraTS 2018, (b) is the validation set of BraTS 2019, and (c) is the validation set of BraTS 2020. For a more comprehensive display, we marked the Dice value of the ET area. Figure 7 shows the segmentation results of the model in the validation set samples. From these examples, we can see that the model has good segmentation results for brain tumors of different sizes, positions, and shapes, and the predictive ability of the model is not affected by the intensity of MRI slice scans. Overall, the model has high performance.




Figure 7 | Display of the segmentation results in validation set samples. (A) BraTS 2018 Data, (B) BraTS 2019 Data and (C) BraTS 2020 Data. Red color represents the tumor core (necrosis), yellow color represents the active tumor and green regions are the edema.





Comparison Study Results

In order to further verify the accuracy of the model, we compare the results of BraTS 2018 with other studies, as shown in Table 3, here only the values of Dice and Hausdorff95 are shown. Hu Y. et al. proposed a multi-level up-sampling network (MU-Net) to automatically segment multi-modal brain tumors. This model used the global attention GA module to combine the low-level feature maps obtained by the encoder with the high-level feature maps obtained by the decoder stand-up (33). Evan G. et al. used a 3-dimensional CNN constructed by the DeepMedic architecture created by Kamnitsas et al. (34), which contained a low-resolution and normal-resolution path, each with 11 layers (8). Tuan T. et al. proposed to segment all glioma regions using a U-Net model with multiple kernels (35). Weninger L. et al. first determined the location of the tumor and then used 3D U-Net to segment it (36). Hu X et al. proposed a 3D-Usid-Unet architecture, which included a context aggregation path and a localization path (37). Serrano-Rubio J.P. et al. trained an extreme random tree (ERT) algorithm to classify abnormal tissues with multiple labels (38).


Table 3 | Comparison with the BraTS 2018 validation set of other methods.



We also compare the results of the BraTS 2019 dataset as shown in Table 4. Kim S. et al. used a two-step convolutional neural network (CNN) to segment brain tumors in brain MR images. First used three 2D U-Net to obtain the global information on the axial, coronal, and sagittal axes, and then used a 3D U-Net to obtain the local information in the 3D patch (39). The structure proposed by Amian M. et al. contained two parallel streamlines with two different resolutions. One was that the deep convolutional neural network learned the local features of the input data, and the other was to set the entire image for global observation. Then the output of each stream was combined to provide integrated learning of the input image (40). Shi W. et al. proposed a dense channel two-dimensional U-Net segmentation model based on residual units and feature pyramid units (41). Agravat R.R. et al. separately trained three tumor subcomponents and finally combined the three segmentation results to obtain a complete segmentation (42). Hamghalam M. et al. designed a novel pixel-by-pixel segmentation framework through a convolutional 3D to 2D MR patch conversion model (43). Wang F. et al. trained a deep learning model based on 3D U-net in the BraTS 2019 dataset with the help of brain intelligence and patching strategies (44).


Table 4 | Comparison with the BraTS 2019 validation set of other methods.



We compare the results with the teams participating in the 2020 BraTS Challenge to further demonstrate the effectiveness and generalization capability of our method. These data are available on the official website of the challenge as shown in Table 5. Based on the results of these comparisons, we analyze that most of the methods can only achieve a relatively high degree of accuracy in a certain sub-region. At present, there is no method to achieve the highest accuracy in all sub-regions. How to balance the accuracy of all segmented regions is also one of the directions of our future work.


Table 5 | Comparison of validation set of teams participating in the BraTS 2020 challenge.





Discussions

We have shown that the proposed multi-task deep framework can be effectively used in multi-modal brain tumor segmentation tasks. At the same time, our integrated multi-depth fusion module can strengthen the feature extraction ability. The results on the 2020 BraTS dataset have shown the excellent performance of our model compared to other network structures. The Dice values of our ET, WT, and TC regions on the validation set are 0.75, 0.86, and 0.77, respectively, which are all above 0.7. The performance of our model is balanced among ET, WT, and TC and ranked #1, #2 and #3 compared to other state-of-the-art methods.

In order to show the effectiveness of the multi-depth fusion module in improving the segmentation accuracy, we train the multi-task model that does not include this module (Model I). Table 6 shows its segmentation accuracy. Among them, the Dice scores in the ET, WT, and TC regions are 0.674, 0.848, and 0.747 respectively. Compared with the method proposed in this paper, it can be seen that the multi-depth fusion module can effectively improve the segmentation effect. Besides, when setting the weights of the loss function of the joint two tasks, we consider that the weight of the auxiliary task of distance estimation should not be greater than the weight of the segmentation task, so we set both λ1 and λ2 to 1. In our study, we have also tried different weight coefficients and set them to 1 and 0.1 for training (i.e., in Model II), and we have found that the accuracy of the segmentation has decreased. Therefore, we believe that the weights used in the article are locally optimal. The above comparison experiments are all completed on the BraTS 2020 dataset.


Table 6 | Accuracy comparison with other comparative experiments.



In order to show the discrimination of the three methods more intuitively, we randomly select 4 examples in the training set for display as shown in Figure 8. Comparing the prediction results of the three models with the manually segmented labels, we can find that the model proposed in this paper has more advantages in detail prediction and has a more refined contour, which also proves the superiority of the model.




Figure 8 | Results of randomly selected examples compared with other model variations. Red color represents the tumor core (necrosis), yellow color represents the active tumor and green regions are the edema.



By comparing with some of the leading methods in this field, combined with some analysis of the results in this article, we have found that our method still has some limitations. First, in order to save training costs, we only set the weight coefficients of the loss function based on experience, and only did a set of experiments to adjust the weights instead of a large number of experiments to verify whether the weights are optimal to find the global optimal weights. In future research, we should find the optimal weight for many experiments to improve the accuracy of segmentation. Second, our segmentation results are not the best, and there are still some gaps compared with the top methods, so we propose the following improvement methods that can be developed in future work. Since the most clinically concerning information only occupies a small part of the image, inspired by Chen et al., we can design a method of region clipping, that is, to locate the part of interest (ROI) first and then segment it. This method can make the segmentation more precise. But this will also increase the amount of calculation. How to find a balance between accuracy and amount of calculation is also one of the focuses of our future work. Besides, the module we transplanted in the encoder proved to be suitable for whole-heart CT segmentation, but this is the first time that it is used for brain tumor segmentation, so we are not sure whether it is the most suitable attention module for brain tumor segmentation. We can try to use some other attention modules, such as the SE module, Non-local module, etc. After many comparison experiments, we can verify whether the effect of a multi-depth fusion module is the best.




Conclusion

In this article, we propose a deep multi-task learning framework that integrates multi-depth fusion modules, and perform a performance test on multiple BraTS datasets, and obtain satisfactory results. We improved the traditional V-Net framework and proposed a structure of two parallel decoder branches. The original decoder can only perform segmentation, and the newly added decoder performs the auxiliary task of distance estimation, which can make the segmentation boundary more accurate. A total loss function is introduced to combine the two tasks. At the same time, we added a multi-depth fusion module after each encoder block to enhance the extraction of image features. We added a gamma factor to the loss function of the mask decoder to reduce the focus on the background area and set different weights for each type of label to alleviate the problem of category imbalance. We evaluated the accuracy of the model online for the BraTS 2018, BraTS 2019, and BraTS 2020 datasets. As a result, we obtained high-quality segmentation results, with an average Dice of 78%.
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Background

This study aimed to develop and validate a computed tomography (CT)-based radiomics model to predict microsatellite instability (MSI) status in colorectal cancer patients and to identify the radiomics signature with the most robust and high performance from one of the three phases of triphasic enhanced CT.



Methods

In total, 502 colorectal cancer patients with preoperative contrast-enhanced CT images and available MSI status (441 in the training cohort and 61 in the external validation cohort) were enrolled from two centers in our retrospective study. Radiomics features of the entire primary tumor were extracted from arterial-, delayed-, and venous-phase CT images. The least absolute shrinkage and selection operator method was used to retain the features closely associated with MSI status. Radiomics, clinical, and combined Clinical Radiomics models were built to predict MSI status. Model performance was evaluated by receiver operating characteristic curve analysis.



Results

Thirty-two radiomics features showed significant correlation with MSI status. Delayed-phase models showed superior predictive performance compared to arterial- or venous-phase models. Additionally, age, location, and carcinoembryonic antigen were considered useful predictors of MSI status. The Clinical Radiomics nomogram that incorporated both clinical risk factors and radiomics parameters showed excellent performance, with an AUC, accuracy, and sensitivity of 0.898, 0.837, and 0.821 in the training cohort and 0.964, 0.918, and 1.000 in the validation cohort, respectively.



Conclusions

The proposed CT-based radiomics signature has excellent performance in predicting MSI status and could potentially guide individualized therapy.
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Introduction

Colorectal cancer (CRC) is characterized by complex biological features and shows distinct heterogeneity. Even though the clinicopathological characteristics of CRC are similar, there is still significant variability in treatment response and prognosis (1). Two major molecular events are involved in the occurrence and development of CRC (2, 3). The vast majority of CRCs are caused by chromosomal instability events (approximately 85%), including mutations in APC, KRAS, and TP53 genes, etc. However, a small percentage of CRCs are caused by microsatellite instability (MSI) (approximately 15%).

Mismatch repair (MMR) genes are highly conserved and are involved in repairing DNA base mismatches. They are beneficial in maintaining genome stability and reducing spontaneous mutations (4). MMR proteins include MLH1, MSH2, MSH6, and PMS2. During DNA replication, minor DNA mismatches occasionally occur, which are recognized by these proteins and then cut and synthesized into new strands for repair (5, 6). When any one of these four proteins are non-functional, they cause accumulation of DNA base mismatches in proliferating cells, a phenomenon known as MSI (6).

MSI status is currently a key predictor for evaluating the treatment strategies and prognosis of CRC patients (7, 8). Compared with microsatellite-stable (MSS) CRC patients, CRC patients with MSI status are more likely to benefit from immunotherapy, but they do not benefit from pyrimidine analogs or fluorouracil-based adjuvant chemotherapy (9–11). In addition, CRC patients with MSI status may have a favorable prognosis (12–14). The National Comprehensive Cancer Network (NCCN), European Society for Medical Oncology (ESMO), and Japanese Society for Cancer of the Colon and Rectum (JSCCR) guidelines recommend testing the MSI status of CRC patients (4, 15, 16).

At present, MSI status detection is mainly done through immunohistochemistry (IHC) and polymerase chain reaction (PCR) methods on biopsy or surgical tissue, both of which are invasive and costly (8, 17). Furthermore, the small part of the tissue captured by biopsy may not be sufficient to accurately reflect the MSI status of tumors (18, 19). In addition, these advanced biological tests can only be performed in qualified tertiary medical centers, as local medical institutions have not widely adopted these methods because of the lack of suitable medical equipment (20). Therefore, developing a non-invasive, cost-effective, and easily repeatable method to identify MSI status could help clinicians to develop more accurate treatment strategies for CRC patients.

Radiomics is a burgeoning field in the era of precision medicine, involving screening, diagnosis, treatment, and prognostic assessment of multiple systemic diseases (21–24). By extracting high-dimensional, mineable data from medical imaging and evaluating its association with clinicopathologic factors or gene expression, radiomics facilitates the formulation of individualized treatment strategies. Radiomics has been widely used in CRC stage assessment (21), tumor differentiation identification (25), post-neoadjuvant chemotherapy efficacy evaluation (26), and KRAS mutation status identification (27). A previous study demonstrated a significant correlation between a CT-based radiomics signature and MSI status in CRC patients (28, 29). These results indicate that pretreatment CT may be associated with MSI status and that radiomics analysis may greatly contribute to MSI status identification. However, previous studies have only included a single group and lack external validation. Moreover, the superiority of the venous phase (VP) compared to arterial and delayed phases (AP and DP, respectively) in the prediction of MSI status in CRC patients remains to be confirmed. Therefore, the aim of this study was to investigate whether a CT-based radiomics signature could identify MSI status in CRC patients and to identify the phase with the most robust and high-performing radiomics signature from triphasic enhanced CT.



Materials and Methods


Patients

Ethical approval was obtained by the medical ethics committee in both participating centers (center I: Lanzhou University Second Hospital; center II: The Second People’s Hospital of Lanzhou city), and the requirement for informed consent was waived due to the retrospective nature of the study. Patient inclusion and exclusion details and the patient recruitment pathway are shown in Figure 1. The institutional database in center I was searched for eligible patients who underwent curative resection between March 2014 and August 2020, and a total of 441 consecutive patients were enrolled. This study included 255 males (42.2%) and 186 females (57.8%), with an average age of 58.64 ± 12.92 years (range, 20–89 years). Furthermore, 61 patients from center II were also enrolled between July 2018 and August 2020, including 38 males (62.3%) and 23 females (37.7%), with an average age of 56.93 ± 11.94 years (range, 27–84 years). The model for MSI prediction was established in the training cohort and evaluated in the external validation cohort. The baseline clinical data of all CRC patients, including age, sex, tumor location, carcinoembryonic antigen (CEA) level, CA125 level, and CA199 level, were collected. Two radiologists (radiologist A, Y.T.C.; radiologist B, J.Z.) with more than 10 years of experience in abdominal imaging collected radiological features on preoperative CT images and recorded the results, including clinical tumor/lymph node (cT/N) stage and tumor maximum diameter (maximum diameter perpendicular to the long axis of the cross-sectional image). In order to minimize the deviation of the measurement results, the quantitative data was taken as the final result by the average of the measurement values of the two radiologists, while the qualitative data is diagnosed by the two radiologists independently, and the disagreement is resolved through negotiation.




Figure 1 | Patient inclusion and exclusion details and the patient recruitment pathway.





Identification of MSI Status

MSI status was evaluated by immunohistochemical staining of MMR proteins (MLH1, MSH2, MSH6, PMS2). The standard streptavidin biotin-peroxidase procedure was performed on postoperative tissues to identify the MSI status. Patients were classified into the MSI or MSS group according to the staining results of MMR proteins. Among the four MMR proteins, negative staining for one or more proteins was defined as MSI. MSS was defined as positive staining for all four MMR proteins (6).



CT Image Acquisition and Segmentation

All patients underwent abdominal and/or pelvic enhanced CT scans in two institutions, which covered the whole tumor. Triphasic enhanced CT images were retrieved from the picture archiving and communication system (PACS, Carestream; Rochester, NY) and stored in corresponding folders in DICOM format for further analysis. The CT scanner and acquisition parameters of the three institutions are listed in Supplementary Tables S1, S2.

Two gastrointestinal radiologists (radiologist A and radiologist B) performed three-dimensional (3D) radiomics segmentation on AP, VP, and DP using ITK-SNAP software (version 3.6.0; www.itksnap.org). Radiologist A segmented 300 cases and radiologist B segmented the other 202 cases.

For radiomics segmentation, an ROI was manually delineated on each slice of the tumor. Air and feces in the intestinal tract and pericolonic fat were carefully excluded from the contours. Finally, three ROIs (AP, DP, and VP) were generated for each patient. To evaluate inter-observer reproducibility and robustness of feature extraction, radiologist A and radiologist B randomly selected 30 patients and performed manual segmentation again. We estimated the reproducibility of feature extraction using inter-class correlation coefficients (ICCs), where ICCs greater than 0.80 indicated good reproducibility (30). Additionally, 30 patients were randomly selected from each CT scanner to build the CT scanner set for calculating intra- and interclass correlation coefficients (ICCs).



Feature Extraction

Before feature extraction, we adopted three steps to preprocess the CT images. First, we resampled images to 1 mm × 1 mm × 1 mm using linear interpolation to try to reduce the influence of different layer thicknesses. Second, we transformed the continuous images into discrete integer values using gray-level discretization processing (bin width = 25). Finally, Laplacian of Gaussian (LoG) and wavelet image filters were used to eliminate mixed noise in the processing of image digitization and to obtain low- or high-frequency features.

Radiomics features were extracted using the PyRadiomics package (31). Seven classes of radiomics features were extracted from the original and filtered images (wavelet and LoG). Finally, 1037 3D radiomics features were extracted from each patient. The feature types and their numbers are as follows: (1) first-order (histogram) features (n = 198); (2) shape features (n = 14); (3) gray-level co-occurrence matrix (GLCM) features (n = 264); (4) gray-level run-length matrix (GLRLM) features (n = 176); (5) gray-level size zone matrix (GLSZM) features (n = 176); (6) neighboring gray-tone difference matrix (NGTDM) features (n = 55); (7) gray-level dependence matrix (GLDM) features (n = 154). The specific definitions and descriptions of the features are demonstrated in the Supplementary Materials.



Features Selection and Prediction Model Building

After radiomics feature extraction, all missing data in the training cohort were replaced by median value, z-score normalization was performed on each feature, and the same preprocessing procedure was applied to the validation cohort. We performed a binary classification task for MSI status prediction: MSS vs. MSI expression. It is worth noting that the sample numbers of the two groups were unbalanced between the training and validation cohorts. The initial bias adjustment method was used to correct the influence of unbalanced sample size. The adjustment bias b0 was determined using the following equation:

	

	

The process of radiomics feature selection that is most related to MSI status consists of three steps. First, univariate analysis with the Mann-Whitney U test was performed for feature selection to retain features with p < 0.05 for the subsequent process. Second, the least absolute shrinkage and selection operator (LASSO) method was used to retain features closely associated with MSI status. Finally, multivariable stepwise logistic regression further eliminated irrelevant features and retained the most informative features. A ten times five-fold cross-validation method was applied to avoid overfitting and to identify the model with the best performance.

Three radiomics models were established based on the above radiomics signatures in triphasic phase-enhanced CT images (APR, VPR, and DPR models). In order to verify whether the model combining the triphasic enhanced phases can improve the prediction performance of MSI status, the FR model was built based on AP, VP, and DP fusion features from 3D segmentation patterns. The maximum area under the curve (AUC) in the training cohort determined the final regularization parameter. Furthermore, the Radiomics models predicted a radiomics signature demonstrating the likelihood of MSI status for each patient.



Clinical, Combined Model, and Nomogram Construction

For clinical and radiological features, the chi-squared test or Fisher’s exact test was used to compare differences in sex, CEA, CA125, CA199, cT stage and cN stage, while the Student’s t-test or Mann-Whitney U test was used to compare differences in age, and maximum diameter between the MSS and MSI groups in the training and external validation cohorts. Generally, P-values < 0.05 (two-sided) were considered statistically significant. We performed multivariable analyses to identify the most important features. A clinical model was established based on the inclusion of selected features.

A combined model (clinical Radiomics) was developed based on correlated clinicalradiological features and radiomics features to verify whether the combination of radiomics signatures and clinicalradiological features could improve the prediction of MSI status, and it was presented as an individualized nomogram.

Using multivariate logistic regression coefficients, a nomogram incorporating clinicalradiological characteristics and radiomics signatures was created for the training and external validation cohorts following the selection of clinical characteristics and model comparison. This nomogram provides a more convenient and reliable tool for patients and clinicians. A flowchart of the study is shown in Figure 2.




Figure 2 | Workflow of microsatellite instability (MSI) prediction building and analysis. The tumors were segmented on arterial phase (A, B), delayed phase (C, D) and venous phase (E, F) CT images to form volumes of interest (VOIs). One thousand and thirty-seven quantitative radiomics features were extracted from each patient. The least absolute shrinkage and selection operator (LASSO) was used to select the features. Multivariate logistic regression was used to build radiomics, clinical, and clinicoradiomics combined models for MSI prediction. Finally, the radiomics signature and clinical factors were incorporated into a nomogram for individual evaluation. Receiver operating characteristic curves were used to evaluate the clinical usefulness of the nomogram.





Statistical Analyses

All statistical analyses were conducted using the R statistical software package (version 3.6.3; http://www.Rproject.org). Student’s t-test, the Mann-Whitney U test, and the chi-squared test or Fisher’s exact test were used to compare continuous and categorical variables, as appropriate. A two-sided P-value < 0.05 was considered statistically significant. ICCs were used to calculate the consistency of measurements between the two radiologists and different CT scanners. Receiver operating characteristic (ROC) analysis was used to evaluate the predictive accuracy of the different models. The AUC, 95% confidence interval (CI), accuracy, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) were calculated for each model. Precision-recall (PR) curves and the DeLong test were used to compare the AUC estimates of the discrimination performance between different predictive models. A calibration curve was constructed to assess the goodness-of-fit of the models. The Hosmer-Lemeshow (HL) test was performed to assess the agreement between the predicted MSI status and the observed outcomes. To verify the clinical usefulness of the models, we quantified the net benefit at different threshold probabilities in the dataset using decision curve analysis (DCA).




Results


Clinical Characteristics

Patient and tumor characteristics in the training cohort are listed in Table 1. This study included 502 CRC patients (441 patients in center I, 61 patients in center II) in the final analysis. The prevalence of MSI was 15.19% (67/441) in center I and 14.75% (9/61) in center II.


Table 1 | Characteristics of patients in the training cohort [median (Q1, Q3) or no. (%)].





Predictive Performance of the Clinical Model

Age, tumor location, CEA level, CA125 level, and maximum diameter were found to be significantly different (P < 0.05) between the MSI and MSS groups in the training cohort, but other characteristics were not significantly different (P > 0.05). Finally, after multivariate analyses, age, tumor location, and CEA were selected as independent predictors of MSI and were enrolled into the clinical model (Supplementary Table S3). The clinical model showed moderate performance in predicting MSI both in the training cohort and the validation cohort, with an AUC of 0.781 (95%CI, 0.722-0.840) in the training cohort and 0.919 (95%CI, 0.833-1.000) in the validation cohort (Table 3). The accuracy, sensitivity, and specificity were 0.721, 0.716, and 0.722 in the training cohort and 0.869, 0.889, and 0.865 in the validation cohort, respectively.



Radiomics Signature Building and Discrimination Performance Assessment

ICCs were calculated to evaluate the agreement of features extracted by the two radiologists and different CT scanners, and ICC values > 0.80 indicated good agreement. A total of 1037 3D radiomics features from AP, VP, and DP images were extracted for each patient, and irrelevant features were removed as described earlier. Finally, 6 AP, 10 VP, and 16 DP 3D radiomics features were retained as the final signatures. The feature names and distributions are listed in Table 2. The values of these features were significantly different between the MSI and MSS groups. Following stepwise regression analysis, 16 features were selected after fusion of the radiomics features from AP, VP, and DP (FR model). Significant differences were found in these features between the MSI and MSS groups (Supplementary Figure 1). As shown in Supplementary Figure 2, the feature heatmaps show that the correlation between most of the features is below than 0.9, indicating that the final features are less collinear with each other. Four models were built based on the above radiomics signatures for preoperatively predicting MSI (APR, DPR, VPR, and FR models). The AUC, accuracy, sensitivity, specificity, PPV, and NPV for each model are listed in Table 3 and Figure 3. The DPR model had optimal predictive performance compared to APR or VPR in the training and validation cohorts (Figures 3A, B). In addition, the FR model had a higher predictive AUC than APR, DPR, or VPR in the training cohort. In the validation cohort, the FR model had a higher predictive AUC than APR or VPR in the training cohort but slightly lower than the AUC of the DPR model.


Table 2 | The final signatures selected from 3D radiomics features.




Table 3 | Predictive performance of different models in training and validation cohorts.






Figure 3 | The receiver operating characteristic (ROC) curves of the different models in training cohort (A) and validation cohort (B). AUC, area under the curve; APR, radiomics model of arterial phase; DPR, radiomics model of delayed phase; VPR, radiomics model of venous phase; FR, radiomics model of fusion of arterial phase, delayed phase and venous phase features; Clinical Radiomics, fusion of clinical risk factors and radiomics features of delayed phase.





Predictive Performance of the Combined Model

As shown in Figure 4A, a Clinical Radiomics combined model was developed that incorporates clinical risk factors and DP radiomics signatures, which was presented as a quantitative nomogram. The Clinical Radiomics model showed excellent predictive ability for MSI status, with an AUC, accuracy, and sensitivity of 0.898, 0.837, and 0.821 in the training cohort and 0.964, 0.918, and 1.000 in the validation cohort, respectively. As shown in Table 3 and Figure 3, the Clinical Radiomics model had a better predictive AUC value than either the clinical model or the radiomics models in the training cohort and validation cohort.




Figure 4 | A Clinical Radiomics nomogram for preoperative identification of microsatellite instability status in colorectal cancer patients (A). The nomogram was constructed based on multivariate logistic regression and consisted of three clinical factors and 16 radiomics signatures. Calibration curves of the different models in training cohort (B) and validation cohort (C); the y-axis represents the actual microsatellite instability rate and the x-axis represents the predicted microsatellite instability risk. The diagonal dotted line indicates that the predicted outcome perfectly corresponds with the actual outcome. The solid line indicates the bias-corrected accuracy of the different models, with a closer fit to the diagonal dotted line representing a better prediction. Decision curve analysis of the different models in training cohort (D) and validation cohort (E); the y-axis represents the net benefit, which is calculated by subtracting the expected harm (false positives) from the expected benefit (gaining true positives) and subtracting expected harm (deleting false positives). The higher curve at any given threshold probability is the optimal prediction to maximize net benefit. The solid colored lines represent the different models. The solid gray line represents the assumption that all patients had microsatellite instability. The solid black line represents the assumption that no patients had microsatellite instability. APR, radiomics model of arterial phase; DPR, radiomics model of delayed phase; VPR, radiomics model of venous phase; FR, radiomics model of fusion of arterial phase, delayed phase and venous phase features; Clinical Radiomics, fusion of clinical risk factors and radiomics features of delayed phase; HL, Hosmer-Lemeshow test.



The PR curves show that the Clinical Radiomics model had better MSI prediction performance than the clinical or radiomics models (Figure 5). DeLong test results showed a significant difference between the AUC of the Clinical Radiomics model and of the APR, VPR, and clinical models in the training cohort (Figure 6). The calibration curve of the nomogram showed favorable agreement between prediction and observation in predicting the risk of MSI (Figures 4B, C). The HL test yielded non-significant statistics in the training and validation cohorts, indicating goodness-of-fit in the models.




Figure 5 | Precision-recall (PR) curves of the different models in the training cohort (A) and validation cohort (B). PR represents the relationship between precision and recall. The larger the area under the curve value of the PR curve, the better the model performance. Precision = true positive/(true positive + false positive); recall = true positive/(true positive + false negative). APR, radiomics model of arterial phase; DPR, radiomics model of delayed phase; VPR, radiomics model of venous phase; FR, radiomics model of fusion of arterial phase, delayed phase and venous phase features; Clinical Radiomics, fusion of clinical risk factors and radiomics features of delayed phase.






Figure 6 | Heat map comparison of the different models in the training cohort. The values in the matrix represent the results of Delong test between two models. APR, radiomics model of arterial phase; DPR, radiomics model of delayed phase; VPR, radiomics model of venous phase; FR, radiomics model of fusion of arterial phase, delayed phase and venous phase features; Clinical Radiomics, fusion of clinical risk factors and radiomics features of delayed phase.



The DCA results for the clinical model, radiomics models, and combined nomogram are presented in Figures 4D, E. The nomogram achieved more clinical utility in predicting MSI than the clinical model or radiomics model alone. The DCA curve of the nomogram demonstrated that when the threshold probability of a patient or doctor ranged between 5% and 80%, the use of the nomogram added greater benefit for MSI prediction than the treat-all-patients scheme or the treat-none scheme in the training cohort.




Discussion

In this study, we investigated the association between triphasic enhanced CT radiomics features and MSI status. Six, ten, and sixteen radiomics features showed significant correlation with MSI status in AP, DP, and VP, respectively. Four radiomics models (APR, DPR, VPR, and FR) were proposed using the above radiomics features in the training cohort to predict MSI status for patients with colorectal cancer, and we validated its performance in an external validation cohort from another center. Our study showed that the DPR model had a higher outstanding performance than the APR or VPR models in both the training and external validation cohorts. Meanwhile, the nomogram, based on DP radiomics features and clinical risk factors, showed excellent identification ability for MSI status in both training (AUC: 0.898, 95% CI 0.860-0.937) and external validation (AUC: 0.964, 95% CI 0.919–1.000) cohorts. Our nomogram may be useful for predicting the MSI status of CRC patients and, thus, has the potential to aid in the determination of therapeutic strategies. In common studies, the results of external validation cohort are lower than the training cohort due to overfitting. Our results show that the results of external validation cohort are slightly higher than the training cohort, and lack of overlap between the 95% CI of the accuracies between the training and the validation cohorts. Since our validation cohort is external data set, there is often some deviation in distribution between the two data sets due to geographical location and other factors, which may cause the model performance of the validation cohort higher than the training cohort. Validation on additional cohort is required to ensure the model’s reproducible and generalizable.

In the present study, the incidence of MSI was 15.19% (67/441) in the training cohort and 14.75% (9/61) in the external validation cohort, which is consistent with previous literature (32, 33). CRC patients with MSI have distinct prognoses and treatment strategies compared to patients with MSS tumors, including better prognosis and benefits from fluorouracil chemotherapy; moreover, MSI may be a negative marker for immunotherapy. Previous studies (28, 29) have investigated the association between MSI and radiomics features. Fan et al. (28) used CT-based radiomics to predict the MSI status in 119 stage II CRC patients. The predictive AUC of the radiomics model (combination of clinical factors and radiomics features) was 0.752. Pernicka et al. (29) proposed a CT-based radiomics model for the prediction of MSI in stage II–III colon cancer. The combined model (combination of clinical factors and radiomics features) had moderate diagnostic efficacy, with AUC values of 0.80 and 0.79 in the training and validation sets, respectively. Both studies contained small samples and lacked effective validation of external data. Our proposed clinicoradiomics combined model performed better than previous models in both training and external validation cohorts. Therefore, it may be a potential quantitative tool for individualized MSI prediction.

Due to the low incidence of MSI, the data distribution in this study was significantly unbalanced. The unbalanced distribution of data is a common problem in classification. Therefore, the bias adjustment method was used to overcome the training fit error in our study. A previous study used synthetic minority over-sampling technique (SMOTE) methods (28) to resolve data imbalance. The SMOTE method is based on increasing the “artificial” sample to resolve the imbalance of the data set. However, this strategy is prone to model overfitting and is difficult to demonstrate validity.

In our study, 1037 quantitative features were extracted from CT images to build radiomics signatures. During the image preprocessing stage, LoG and wavelet filters (27) were applied to process the original image. Of the 1037 radiomics features, 6, 10, and 16 features were retained in AP, DP, and VP images, respectively, all of which demonstrated high correlations with MSI and were stable across multiple centers. To our surprise, the majority of radiomics features were LoG and wavelet filter features (26/32 in radiomics features) in the present study, which means that LoG and wavelet filters can improve the efficiency of capturing more phenotypic features related to MSI of CRC.

In the present study, the texture feature was the most frequent radiomics feature in triphasic enhanced CT signatures (4/6 in AP, 9/10 in VP, 13/16 in DP). Texture features are microscopic features in an image that have been shown to be highly correlated with tumor heterogeneity (34, 35). However, these features are not easily identified by the human eye and cannot be interpreted as having a clear meaning (36). Our results showed that most texture features were associated with MSI status. Compared with the MSS group, the values of these features were significantly higher in the MSI group, which indicated more homogeneity in the ROI. Our finding is in line with those of previous reports (28, 29) that texture features were also the most frequent radiomics features for MSI prediction. We observed that first-order statistic features including A_wavelet.LHL_firstorder_90Percentile, A_wavelet.LHL_firstorder_Skewness, V_wavelet.HLH_firstorder_Mean, D_original_firstorder_Range, and D_wavelet.LLL_firstorder_Skewness were significantly associated with MSI status, which was consistent with the results of the studies by Fan et al. and Pernicka et al. (28, 29) The results of their studies show that the MSI status is associated with kurtosis and intensity histograms.

Among the triphasic enhanced CT models for the prediction of the MSI status in the training cohort, the DPR model showed the highest performance, with an AUC value of 0.887, followed by 0.827 in the VPR model and 0.775 in the APR model. A similar trend was found in the validation cohort; the predictive AUCs of the DPR, VPR, and APR models were 0.953, 0.810, and 0.876, respectively. Although the VP is the most commonly used phase in gastrointestinal radiomics research, and previous radiomics features for MSI prediction were extracted from portal VP CT images. However, to date, this is the first study to develop a radiomics based model to predict the risk of MSI status in CRC patients based on triphasic enhanced CT with big data. To our surprise, the DPR model showed the best predictive performance in the training and validation cohorts. The triphasic enhanced phase images reflect the uptake and clearance of iodine over time in AP, VP, and DP (37). In AP, the contrast agent is mainly in the intervascular space, which results in focal mucosa enhancement. During VP and DP, the contrast agent is evenly distributed between the intervascular space and the extravascular space, leading to a well-proportioned enhancement (38). The degree of tumor enhancement in AP is positively correlated with the density of microvessels in the tumor, while in VP and DP, the degree of tumor enhancement is related to the content of contrast agent in the tumor interstitial space and vascular space. In addition, CRCs lack normal lymphatic drainage, and the contrast agent tends to remain in the tumor interstitial space for a longer time (38, 39). Therefore, CRCs are significantly enhanced in AP, while VP and DP show continuous enhancement. Previous literature shows that the increase in structure in the enhanced image is proportional to iodine concentration (38). The high content and uniform distribution of contrast agents in tumors may be one of the reasons for the high diagnostic efficiency of the DPR model. This is exactly the same as the number of key features in our study. The numbers of radiomics signatures in DP, VP, and AP were 16, 10, and 6, respectively.

The dynamic changes of CRC from AP, VP to DP showed obvious transmural enhancement from inside the tumor to the outside. For triphasic enhanced CT, AP is mainly used for tumor detection and assessment of the tumor extent along the colorectal wall, VP is used for differentiating CRC from adjacent organs and evaluating lymph nodes, and DP is used to determine the depth of tumor invasion (40). Therefore, the range of tumors detected in DP is larger than that in VP or AP. This means that the ROI delineation range of the DP is the largest during the delineation of the tumor in triphasic enhanced CT images, which is consistent with our observations in the process of delineating tumor ROIs. A positive correlation between increased tumor range and increased diagnostic efficiency has been confirmed by previous studies (41). From the above description, another reason for the high predictive performance of the DPR model could be the large ROI range of tumors in DP images.

Age, location, and CEA were independent predictors of MSI status in the multivariate analysis. CRC patients with an MSI status have distinct clinical characteristics compared to those with MSS tumors, such as a predominance of right-sided colonic tumors, and early age. Our finding is consistent with the results of a previous study (28, 29, 42). CEA levels were significantly lower in the MSI group than in the MSS group, while CA125 was significantly higher in the MSI group than in the MSS group in the present study. A significant correlation between MSI status and the above clinical predictors suggests that genetic alterations may have independent influences on CRC development, thus resulting in distinct tumor biological behavior compared with that of MSS tumors. These parameters could be easily obtained and thus considered as novel approaches for predicting MSI status. Further studies are essential to validate our findings.

As for radiation dose, the average dose length product of triphasic enhanced scans was 1934.76 ± 147.18 mGy*cm, which is slightly higher than the diagnostic reference level for adults (1490 mGy*cm) published by China’s National Health Industry standard (WS/T 637-2018) (43). Application of new techniques such as multi-model iterative reconstruction technology could effectively reduce the radiation dose in clinical practice (44).

Several limitations of our study should be noted. First, 501 patients were excluded because they did not meet the inclusion or exclusion criteria, which inevitably produced selection bias. Second, due to the irregular shape of some tumors, manual segmentation is time-consuming and may have observer variability. In future studies, automated segmentation may be a potential tool to resolve this problem. Third, in this study, we used different imaging instruments and acquisition parameters to complete CT scanning. The influence of different instruments and different parameters on radiomics features is obvious. Therefore, it is important to standardize scanning protocols in different instruments and different institutions.



Conclusion

In conclusion, we proposed and validated a CT-based radiomics model, incorporating clinical risk factors and radiomics parameters, which showed a relatively high diagnostic performance for the risk prediction of MSI in patients with CRC. This model may be a potential tool for preoperatively identifying the MSI status and can be used in individualized therapeutic strategy planning and prognostic prediction.
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Purpose

To develop and validate the radiomics nomogram that combines clinical factors and radiomics features to estimate overall survival (OS) in patients with clear cell renal cell carcinoma (ccRCC), and assess the incremental value of radiomics for OS estimation.



Materials and Methods

One hundred ninety-four ccRCC cases were included in the training cohort and 188 ccRCC patients from another hospital as the test cohort. Three-dimensional region-of-interest segmentation was manually segmented on multiphasic contrast-enhanced abdominal CT images. Radiomics score (Rad-score) was calculated from a formula generated via least absolute shrinkage and selection operator (LASSO) Cox regression, after which the association between the Rad-score and OS was explored. The radiomics nomogram (clinical factors + Rad-score) was developed to demonstrate the incremental value of the Rad-score to the clinical nomogram for individualized OS estimation, which was then evaluated in relation to calibration and discrimination.



Results

Rad-score, calculated using a linear combination of the 11 screened features multiplied by their respective LASSO Cox coefficients, was significantly associated with OS. Calibration curves showed good agreement between the OS predicted by the nomograms and observed outcomes. The radiomics nomogram presented higher discrimination capability compared to clinical nomogram in the training (C-index: 0.884; 95% CI: 0.808–0.940 vs. 0.803; 95% CI: 0.705–0.899, P < 0.05) and test cohorts (C-index: 0.859; 95% CI: 0.800–0.921 vs. 0.846; 95% CI: 0.777–0.915, P < 0.05).



Conclusions

The radiomics nomogram may be used for predicting OS in patients with ccRCC, and radiomics is useful to assist quantitative and personalized treatment.





Keywords: radiomics, Rad-score, nomogram, clear cell renal cell carcinoma, overall survival



Introduction

Renal cell carcinoma (RCC) is one of the most common urological malignancies that accounts for approximately 3.8% of all human cancers (1). Approximately 300,000 patients are diagnosed with RCC every year, resulting in 140,000 RCC-related deaths (2). The overall 5-year survival rate for the majority of patients (65%) diagnosed with localized RCC is 93%, whereas for those with lymph node metastasis or distant metastasis is 66 and 12%, respectively (3).

Clear cell renal cell carcinoma (ccRCC) constitutes the highest proportion (90%) of all diagnosed RCC and is the subtype with the poorest prognosis. In addition, ccRCC is associated with high metastatic potential (4). It is essential to find accurate predictive information for valid prognosis assessment, treatment planning, and implementation of surveillance strategies. Due to the lack of reliable biomarkers, prognostic prediction is primarily based on the combination of stage, grade, and histology (5). The conventional prognostic evaluation relies on the American Joint Committee on Cancers (AJCC) tumor-node-metastasis (TNM) staging system (6). However, the accuracy of the prognostic system for individualized prediction is limited (7). The prognostic models—Memorial Sloan Kettering Cancer Center [MSKCC]; Stage, Size, Grade, and Necrosis [SSIGN]; and the University of California at Los Angeles Integrated Staging System [UISS]—which include more clinical and pathological factors, have been proposed to guide the follow-up in RCC patients, including ccRCC (8–10). However, a prospective study that evaluated 1,647 patients with RCC reported that the above models have a slightly better prediction efficiency compared to the TNM staging system (5). Furthermore, the predictive ability of these models was instable after 2 years after diagnosis. Consequently, more accurate prediction models are needed to achieve precise and individualized prognostic evaluation.

Radiomics is a relatively new approach that extracts features from multimodality medical images using data-characterization algorithms (11). Over the last decade, radiomics features have been applied as imaging biomarkers for prognosis, staging, and prediction of cancer (12). The radiomics approach has been successfully applied to predict metastasis, recurrence, and other clinical outcomes of lung cancer, breast cancer, and colorectal cancer (13–15). To the best of our knowledge, the majority of previous radiomics studies related to RCC focused on the differentiation between malignant and benign renal lesions and the prediction of nuclear grading (16, 17), while only a few studies reported on radiomics-based research for prediction of overall survival (OS) in ccRCC. In this study, we investigated whether the radiomics features extracted from the enhanced CT images could be used to quantitatively assess the OS in patients with ccRCC.



Materials and Methods


Patients

Ethical approval for this retrospective study was obtained by the Ethics Committee of the Affiliated Hospital of Qingdao University. A total of 382 patients with ccRCC were enrolled in this two-center study. One hundred ninety-four patients from the Affiliated Hospital of Qingdao University (from May 2011 to December 2016) were collected as the training cohort, and 188 patients from Shandong Provincial Hospital (from June 2012 to May 2017) were collected as the independent test cohort. The detailed recruitment pathway for patients in this study is presented in Figure 1.




Figure 1 | The patient recruitment pathway with inclusion and exclusion details.



Three hundred fifty-one patients with TNM group I, II, and III were treated with radical or partial nephrectomy. Among 31 patients with TNM group IV, 29 patients underwent cytoreductive nephrectomy or tumors resection, and two patients with surgically unresectable tumors were treated with tissue sampling. After diagnosis, 20 out of the 31 patients received one or fewer systemic treatments (targeted therapy, immunotherapy, or chemotherapy).

The beginning of the follow-up was the date of diagnosis by pathological examination. Patients were reviewed every 6 to 12 months for the first 2 years, then every year after that. The review included clinical physical examination, chest X-ray, abdominal ultrasound, abdominal CT, or MRI. All data were collected in July 2019, and a follow-up phone call was conducted for patients who were not able to visit the hospital. The endpoint of the study was the time of death or the date of the last follow-up.

Baseline data consisted of age, sex, TNM group (I, II, III, or IV), Fuhrman grade, presence of histologic necrosis, hemoglobin (HB), neutrophil count (NE), lymphocyte count (LY), platelet count (PLT), blood urea nitrogen (BUN), creatinine (CREA), Eastern Cooperative Oncology Group Performance Status (ECOG-PS), and calculated neutrophil-lymphocyte ratio (NLR).



CT Image Acquisition, Region-of-Interest Segmentation, and Radiomics Feature Extraction

CT scan protocols are explained in Supplementary Methods. The unenhanced abdominal scan was performed first. The enhanced scan was performed after injecting a 90–100 ml iodinated contrast agent (Ultravist 370, Bayer, Germany) into the antecubital vein at a flow rate of 2.5–3.0 ml/s. Images of corticomedullary phase (CMP), nephrographic phase (NP), and excretory phase (EP) were obtained at 30–35, 80–90, and 300–350 s after contrast injection, respectively.

Pre-treatment contrast-enhanced abdominal CT was exported in DICOM form from the picture archiving and communication system (PACS) workstation. Three-dimensional (3-D) ROI segmentation was manually performed using the ITK-SNAP software (Version 3.8.0, www.itksnap.org). Before feature extraction, image resampling and gray-level discretization were applied for the standardization of three-phase CT images. A total of 1,409 quantitative imaging features were extracted from each phase of CT images with the Radcloud platform (Huiying Medical Technology Co., Ltd). Radcloud platform was utilized to process the imaging and clinical data, as well as the spectra of radiomics analysis. The platform feature extraction is based on the “pyradiomics” package in Python (version 2.2.0, https://pyradiomics.readthedocs.io/). The features were grouped into three groups: (1) first-order statistics features describe the distribution of voxel intensities; (2) size- and shape-based features that reflect the size and shape of the region; (3) texture features that can quantify region heterogeneity differences. In addition, several filters were used to calculate the intensity and texture features on original images and derived images. The details of the radiomics features are shown in Supplementary Methods.

To obtain the inter-class correlation coefficient, ROIs of the 30 patients were segmented by two radiologists with 5 and 10 years of abdominal imaging experience, respectively. Then, the first radiologist completed the segmentation of the 30 ROIs after 2 weeks to obtain an intra-class correlation coefficient. To enhance the stability and reproducibility, radiomics features derived from the ROIs with both inter- and intra-class >0.75 were retained in the analysis and used in the following study. The first radiologist delineated the remaining ROIs.



Feature Selection and Radiomics Score Calculation

The least absolute shrinkage and selection operator (LASSO) penalized Cox proportional hazards regression, which is appropriate for reducing high-dimensional data, was applied to select the optimal prognostic features in the training cohort. A formula was generated via a linear combination of the screened features multiplied by their respective LASSO Cox coefficients. Then, the formula was used to calculate the Rad-score of each individual. The median Rad-score was applied as a cutoff that stratified patients into the high-risk group with short survival time and the low-risk group with long survival time. The association of Rad-score with OS was estimated using the Kaplan-Meier survival analysis, and the difference in survival between the stratified subgroups was determined using the log-rank test.



Rad-Score Assessment

Both 3-year and 5-year OS were described and analyzed in the training and test cohorts. The distribution of Rad-score in the 3-year survival group and the dead group was illustrated in a violin plot (box plot in the middle and a density plot on the side); Wilcoxon rank-sum test was used to analyze the significant difference. In addition, the prognostic accuracy of the Rad-score for the 3-year survival group and the dead group was assessed through the time-dependent receiver operating characteristic (ROC) analysis and the correlated area under the ROC curve (AUC). Rad-score for the 5-year survival group and the dead group was analyzed using the same processes.



Development of the Clinical and Radiomics Nomograms

Clinical factors were assessed for their impact on OS by the univariable and multivariable Cox regression analysis in the training cohort. The clinical nomogram for probability prediction of 3- and 5-year OS was developed based on the multivariable Cox regression analysis. Independent prognostic clinical factors were selected through the last step, and Rad-score was used to develop the radiomics nomogram by the multivariable Cox regression analysis. The variables were no longer excluded in this section. The relative hazard ratio (HR) of each factor from the two nomograms was obtained simultaneously. The severity of multicollinearity among variables was detected using the Variance inflation factor (VIF) before the nomograms development regarding respective multivariable Cox regression. If VIF was <10, the multicollinearity was low.



Performance of the Clinical and Radiomics Nomograms

To assess the performance of the clinical and radiomics nomograms, calibration and discrimination were performed in the training cohort and then validated in the test cohort. The calibration curve was used to indicate the agreement between the OS predicted by the nomograms and the observed outcomes after bias correction in 3- and 5-year OS. The Harrell concordance index (C-index) was measured to quantify the discrimination performance of the nomograms. To evaluate the goodness-of-fit of the nomograms, the Akaike information criterion (AIC) was generated. The discrimination capability of the two nomograms was compared to assess the incremental value of the Rad-score to the general clinical risk factors for an individualized assessment of OS in patients with ccRCC.

Additionally, the risk group, which was predicted by the nomogram with better discrimination capability, was used as a prediction factor to generate the Kaplan-Meier survival curves. If survival probability at 3 or 5 years predicted by the nomogram was <0.5, the patient was stratified into the nomogram-predicted (Nomo-predicted) high-risk group; if it was >0.5, the patient was stratified into the Nomo-predicted low-risk group. The difference between survival curves was assessed by using the log-rank test. The Kaplan-Meier survival curves were depicted by using actual survival status as prediction factor as well. The workflow of the study is shown in Supplementary Figure 1.



Statistical Analysis

The statistical analysis was performed with SPSS version 24.0 and R software (version 3.3.3 https://www.r-project.org). The Student’s t-test, Chi-square test, or Non-parametric Mann-Whitney U test were applied to compare the differences in clinical factors between the training and test cohorts using SPSS software. Analysis and figure plots for the remaining data were performed using R software. A two-sided P < 0.05 was considered to be statistically significant.




Results


Clinical Factors and OS

By the time of the last follow-up, 60 patients (15.7%) died. The mean OS was 56 months, and the median OS was 59.0 months (interquartile range: 49.8–68.0 months) in the training cohort; the mean and median OS for the test cohort was 46 months and 43.5 months (interquartile range: 32.3–60.0 months), respectively. A significant difference in OS was observed between the two cohorts (P < 0.05), which was calculated based on the differences at follow-up time. No difference was found in sex, age, TNM group, presence of histologic necrosis, ECOG-PS, HB, LY, and BUN between the two cohorts (all P > 0.05), While differences in Fuhrman grade, NE, NLR, PLT, and CREA distribution were statistically significant (P < 0.05) (Table 1).


Table 1 | Baseline clinical date of the training and test cohorts.





Feature Extraction, Selection, and Rad-score Calculation

After excluding the subjective difference in ROI segmentation by observers, we only retained the repeatable and stable radiomics features with the inter- and intra-class correlation coefficients >0.75 and obtained 3,485 three-phase CT imaging features. After that, 11 optimal prognostic features were screened out through the LASSO Cox regression algorithm (Figure 2A), and the radiomics signature was constructed. The signature calculation equation is depicted in Supplementary Methods. The bar chart below showed the contribution of selected features with their LASSO Cox regression coefficients for the signature construction (Figure 2B).




Figure 2 | Radiomics feature selection and presentation. Radiomics feature selection using the LASSO Cox regression algorithm. LASSO regression coefficient profiles of survival-associated radiomics features (A). A bar chart shows the contribution of selected features for radiomics signature construction (B). The y-axis represents features that contribute to the signature. The x-axis represents corresponding coefficients in the LASSO Cox analysis. LASSO, least absolute shrinkage and selection operator; CMP, corticomedullary phase; NP, nephrographic phase; EP, excretory phase.



The distribution of the Rad-score calculated by the equation for each patient is shown in Supplementary Methods. A distribution difference was observed in Rad-score between the training and test cohorts (P > 0.05). The cut-off value of the Rad-score was −0.04481. Consequently, patients were stratified into high-risk group (Rad-score ≥ −0.04481) and low-risk group (Rad-score < −0.04481). The Kaplan-Meier survival analysis showed a correlation between Rad-score and OS in the training cohort (Figure 3A). The low-risk group has a longer OS compared to a high-risk group (P < 0.001, log-rank test). The same finding was demonstrated in the test cohort (Figure 3B; P < 0.001, log-rank test).




Figure 3 | The Kaplan-Meier curves for patients in low-risk and high-risk groups in the training (A) and test (B) cohorts. The median Rad-score was −0.04481, which was applied as a cutoff that stratified patients into the high-risk group (Rad-score ≥ −0.04481) and the low-risk group (Rad-score < −0.04481).





Rad-Score Assessment

Violin plots showed that the median Rad-score in 3- or 5-year dead groups were higher than that in 3- or 5-year survival groups in the training and test cohorts (Figures 4A, B, D, E), and the distribution of Rad-score was significantly different (all P < 0.001). In addition, the AUC of the time-dependent ROC curves (Figure 4C) for 3-year OS in the training and test cohorts was 0.902 (95% CI: 0.851–0.940) and 0.857 (95% CI: 0.798–0.903), respectively. Satisfactory prognostic accuracy was achieved for the 5-year OS. AUC of the time-dependent ROC curves (Figure 4F) for 5-year OS in the training and test cohorts was 0.904 (95% CI: 0.854–0.942) and 0.850 (95% CI: 0.791–0.898), respectively. This data proved the discrimination accuracy of OS was reliable and robust when using Rad-score.




Figure 4 | Violin plots and ROC curves of Rad-score in 3- and 5-year survival and dead groups. Violin plots show the distribution of Rad-score in 3-year survival and dead groups in the training (A) and test (B) cohorts. The median (central white dot), interquartile range (black box), and 95% confidence interval (vertical line) are shown in the middle. The color area represents a density plot on the side. ROC curves (C) for 3-year survival were determined to assess prognostic accuracy in the two cohorts. Violin plots (D, E) and ROC curves (F) in 5-year survival and dead groups. ROC, receiver operator characteristic. AUC, area under the curve. *P < 0.001.





Development of the Clinical and Radiomics Nomograms

Clinical factors were selected by the univariable and multivariable Cox regression analysis (Table 2). The multivariable Cox regression showed that the TNM group and CREA were independent factors closely correlated with OS. So the clinical nomogram incorporating these two factors was developed (Figure 5A). Both of these factors were negatively related to OS for patients (HR for TNM group: 2.912, 95% CI, 2.188–3.875; HR for CREA: 1.020, 95% CI, 1.004–1.036). The radiomics nomogram was developed with Rad-score, TNM group, and CREA by the multivariate Cox regression analysis (Figure 5B). All three predictors were negatively correlated to OS (HR for Rad-score: 277.920, 95% CI, 26.039–2,966.297; HR for TNM group: 1.713, 95% CI, 1.149–2.552; HR for CREA: 1.014, 95% CI, 0.998–1.031).


Table 2 | Uni- and multivariable COX regression analysis of predictors of OS.






Figure 5 | The nomogram for survival estimation. The clinical nomogram (A), combing TNM group and creatinine. The radiomics nomogram (B), combing Rad-score, TNM group, and creatinine.





Performance of the Clinical and Radiomics Nomograms

The calibration curves depicted survival probability at 3 and 5 years after diagnosis, showing good agreement between survival probability predicted by the nomograms and observed outcomes in the training and test cohorts (Figures 6A–D). Integrating clinical factors and Rad-score, the radiomics nomogram obtained good discrimination performance with a C-index of 0.884 (95% CI: 0.808, 0.940), as well as higher discrimination capability compared with the clinical nomogram (P < 0.05) (Supplementary Methods). The favorable result was confirmed in the test cohort, which implied the incremental value of the Rad-score for individual OS estimation. AIC and C-index estimates for the two nomograms are listed in Table 3.




Figure 6 | Calibration curves for the nomograms. Calibration curves for the clinical nomogram in the training (A) and test (B) cohorts. The y-axis indicates the actual probability of survival; the x-axis indicates the predicted probability of survival. The 45-degree gray line represents the ideal prediction; blue and red lines represent the performance of the clinical nomogram to predict 3- and 5-year survival, respectively. Calibration curves for the radiomics nomogram in the training (C) and test (D) cohorts. Nomo-predicted, nomogram-predicted.




Table 3 | Performance of the nomograms.



The Kaplan-Meier survival curves were generated using a risk group based on survival probability at 3 or 5 years predicted by the radiomics nomogram as a prediction factor. A significant difference was confirmed between the stratified Nomo-predicted high-risk and low-risk groups in both the training and test cohorts (Figures 7B, D, F, H; P < 0.001, log-rank test). These results were consistent with the Kaplan-Meier survival analysis in the actual survival and dead groups (Figures 7A, C, E, G; P < 0.001, log-rank test).




Figure 7 | Kaplan-Meier survival curves in group stratification. Based on survival probability predicted by the radiomics nomogram, patients were stratified into the Nomo-predicted high-risk group (survival probability < 0.5) and the Nomo-predicted low-risk group (survival probability > 0.5). The Kaplan-Meier survival curves were depicted by using the actual survival status (A) and the Nomo-predicted risk group (B) at 3 years as prediction factor in the training cohort. (C, D) are corresponding figures in the test cohort. The Kaplan-Meier survival curves were depicted by using the actual survival status (E) and the Nomo-predicted risk group (F) at 5 years as prediction factor in the training cohort. (G, H) are corresponding figures in the test cohort. Areas between thin lines of the same color represent 95% confidence intervals.






Discussion

ccRCC is the predominant pathological subtype of renal malignancy associated with aggressive behavior (high invasion and metastasis) and chemoresistance. Patients with ccRCC have the worse OS compared to those with other subtypes (18, 19). Hence it is essential to find an accurate prediction approach to improve prognosis and treatment in patient with ccRCC. In this study, we developed a radiomics nomogram by combining clinical factors and Rad-score for the prediction of OS in patients with ccRCC.

A number of previous studies have focused on identifying renal tumors and predicting nuclear grade by radiomics analysis, obtaining desirable results (20–22). Yet, so far, only a few studies have reported on prognostic prediction of RCC. Goh et al. assessed the texture parameters of 87 metastases in 39 RCC patients who received tyrosine kinase inhibitors (TKI) treatment and found that uniformity of texture was an independent predictive factor of time to progression (23). Another study showed that texture features consisting of the SD of pixel distribution histogram, entropy, and mean of positive pixels may be used to the prediction of OS for the patients with large RCCs (>7 cm; mean size, 9.9 cm) (24). These two studies indicated that texture analysis has the potential to predict the prognosis of RCC. More recently, Zeng et al. used integrative radiogenomics analysis (by analyzing contrast-enhanced CT images) for predicting molecular features and survival in ccRCC and found that these features could predict molecular subtypes, mutations, and prognosis of ccRCC patients (25). Moreover, Huang et al. suggested a radiomics model for predicting OS (5-year AUC = 0.775) in patients with the ccRCC model (26).

In this study, we discovered that the combination of radiomics and clinical data showed a higher predictive value than the clinical nomogram alone, thus suggesting it might be used to predict OS in patients with ccRCC. This study took valuable clinical factors into account. The TNM staging system is an internationally accepted system used to determine the disease stage, including RCC (27). Tumor grade is one of the strongest elements incorporated into prognostic models for patients with ccRCC (4). Histologic necrosis and ECOG-PS have shown to be independent risk factors for ccRCC patients in the SSIGN and UISS scoring systems, respectively (28). The value of laboratory examination and NLR was evaluated in the prognosis of malignant tumors such as kidney cancer (29, 30). In this study, TNM group and CREA were selected as the independent prognostic factors for survival. As for prognostic scoring systems, the MSKCC system was developed to define risk groups of patients by coalescing independent factors for survival prediction of metastatic RCC, while the UISS is an evidence-based system for predicting recurrence or metastases after surgical treatment in patients with localized or locally advanced RCC (31). The radiomics nomogram developed in this study was applied to both metastatic and locally ccRCC.

The evaluation of markers should depend on their ability to improve an already superior prediction model instead of on their P-value in multivariable analysis (32). Our results showed the radiomics nomogram performed better than the clinical nomogram, thus suggesting the incremental value of radiomics to OS prediction, and demonstrating that this new model is a useful method for outcome prognostication and treatment planning. In 2018, Meng et al. suggested that radiomics model combined with a clinicopathologic Cox model has a prognostic value for locally advanced rectal cancer (33). Another study extracted maximum and mean standard uptake values (SUVmax and SUVmean), total lesion glycolysis (TLG), metabolic tumoral volume (MTV), and texture features into Cox regression analysis in order to obtain prognostic model for identifying patients with more aggressive treatment (34). The importance of establishing comprehensive models was also reflected in the prognostic analysis of brain tumors, head-and-neck cancer, lung cancer, breast cancer, prostate cancer, liver cancer, and gastric cancer (12).

Ideally, an independent external validation dataset should be collected to test the results as with any biomarker analysis (35). Furthermore, developed models subsequently validated on an entirely new validation dataset from different centers can bolster its generalizability. Nonetheless, up to now, most of the external test dataset and the training dataset enrolled in studies were derived from the same center. Fortunately, an independent external test cohort from another hospital was assessed in this study to interpret the generalizability of the reported findings and correctly estimate the empirical error. As for the disparity of CT scanners arising from two institutes, image resampling, and gray-level discretization were implemented to standardize three-phase CT images, minimizing the impact of different scanning machines.

This study has a few limitations. First, this was a retrospective study, and the sample size was relatively small. Second, the clinical efficacy of our nomograms needs to be validated with the multicenter data. Last, patients with ccRCC were not classified into localized ccRCC, locally advanced ccRCC, and metastatic ccRCC groups according to the guidelines for stratified analysis. In this study, we did not compare the predictive ability between the radiomics nomogram and prognostic scoring system such as SSIGN, MSKCC. Thus, a large-scale prospective multicenter investigation is needed to further verify reported findings.



Conclusions

In conclusion, we developed and validated a non-invasive predictive method for predicting the survival of ccRCC and identified radiomics as a useful biomarker for prognostic prediction. The radiomics analysis may facilitate quantitative and personalized treatment for ccRCC patients, although it still needs to be further validated before being widely applied in clinical practice.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Author Contributions

Conception and design: LY and GY. Collection and assembly of data: LY, WM, YW, YZ, AG and NW. Development of methodology: LY, GY, JC, PN, and ZW. Data analysis and interpretation: GY, JC, WM, LY, and NG. Manuscript writing: LY, GY, and PN. All authors contributed to the article and approved the submitted version.



Funding

This study was funded by the National Natural Science Foundation of China (81701688 and 81601527), the Natural Science Foundation of Shandong Province (ZR2017BH096 and ZR2017MH036), the Key Research and Development Project of Shandong Province (2018GSF118078), and the Postdoctoral Science Foundation of China (2018M642617).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.671420/full#supplementary-material



References

1. Motzer, RJ, Haas, NB, Donskov, F, Gross-Goupil, M, Varlamov, S, Kopyltsov, E, et al. Randomized Phase Iii Trial of Adjuvant Pazopanib Versus Placebo After Nephrectomy in Patients With Localized or Locally Advanced Renal Cell Carcinoma. J Clin Oncol (2017) 35(35):3916–23. doi: 10.1200/jco.2017.73.5324

2. Fitzmaurice, C, Dicker, D, Pain, A, Hamavid, H, Moradi-Lakeh, M, MacIntyre, MF, et al. The Global Burden of Cancer 2013. JAMA Oncol (2015) 1(4):505–27. doi: 10.1001/jamaoncol.2015.0735

3. Coy, H, Young, JR, Pantuck, AJ, Douek, ML, Sisk, A, Magyar, C, et al. Association of Tumor Grade, Enhancement on Multiphasic CT and Microvessel Density in Patients With Clear Cell Renal Cell Carcinoma. Abdom Radiol (NY) (2019). doi: 10.1007/s00261-019-02271-1

4. Sun, M, Shariat, SF, Cheng, C, Ficarra, V, Murai, M, Oudard, S, et al. Prognostic Factors and Predictive Models in Renal Cell Carcinoma: A Contemporary Review. Eur Urol (2011) 60(4):644–61. doi: 10.1016/j.eururo.2011.06.041

5. Correa, AF, Jegede, O, Haas, NB, Flaherty, KT, Pins, MR, Messing, EM, et al. Predicting Renal Cancer Recurrence: Defining Limitations of Existing Prognostic Models With Prospective Trial-Based Validation. J Clin Oncol (2019) 37(23):2062–71. doi: 10.1200/jco.19.00107

6. Guo, C, Zhao, H, Wang, Y, Bai, S, Yang, Z, Wei, F, et al. Prognostic Value of the Neo-Immunoscore in Renal Cell Carcinoma. Front Oncol (2019) 9:439. doi: 10.3389/fonc.2019.00439

7. Amin, MB, Greene, FL, Edge, SB, Compton, CC, Gershenwald, JE, Brookland, RK, et al. The Eighth Edition AJCC Cancer Staging Manual: Continuing to Build a Bridge From a Population-Based to a More “Personalized” Approach to Cancer Staging. CA Cancer J Clin (2017) 67(2):93–9. doi: 10.3322/caac.21388

8. Frank, I, Blute, ML, Cheville, JC, Lohse, CM, Weaver, AL, and Zincke, H. An Outcome Prediction Model for Patients With Clear Cell Renal Cell Carcinoma Treated With Radical Nephrectomy Based on Tumor Stage, Size, Grade and Necrosis: The SSIGN Score. J Urol (2002) 168(6):2395–400. doi: 10.1097/01.ju.0000035885.91935.d5

9. Lam, JS, Shvarts, O, Leppert, JT, Pantuck, AJ, Figlin, RA, and Belldegrun, AS. Postoperative Surveillance Protocol for Patients With Localized and Locally Advanced Renal Cell Carcinoma Based on a Validated Prognostic Nomogram and Risk Group Stratification System. J Urol (2005) 174(2):466–472; discussion 472; quiz 801. doi: 10.1097/01.ju.0000165572.38887.da

10. Motzer, RJ, Bacik, J, Murphy, BA, Russo, P, and Mazumdar, M. Interferon-Alfa as a Comparative Treatment for Clinical Trials of New Therapies Against Advanced Renal Cell Carcinoma. J Clin Oncol (2002) 20(1):289–96. doi: 10.1200/jco.2002.20.1.289

11. Gillies, RJ, Kinahan, PE, and Hricak, H. Radiomics: Images are More Than Pictures, They Are Data. Radiology (2016) 278(2):563–77. doi: 10.1148/radiol.2015151169

12. Liu, Z, Wang, S, Dong, D, Wei, J, Fang, C, Zhou, X, et al. The Applications of Radiomics in Precision Diagnosis and Treatment of Oncology: Opportunities and Challenges. Theranostics (2019) 9(5):1303–22. doi: 10.7150/thno.30309

13. Liang, C, Huang, Y, He, L, Chen, X, Ma, Z, Dong, D, et al. The Development and Validation of a CT-based Radiomics Signature for the Preoperative Discrimination of Stage I-II and Stage III-IV Colorectal Cancer. Oncotarget (2016) 7(21):31401–12. doi: 10.18632/oncotarget.8919

14. Li, H, Zhu, Y, Burnside, ES, Huang, E, Drukker, K, Hoadley, KA, et al. Quantitative MRI Radiomics in the Prediction of Molecular Classifications of Breast Cancer Subtypes in the TCGA/TCIA Data Set. NPJ Breast Cancer (2016) 2. doi: 10.1038/npjbcancer.2016.12

15. Vallieres, M, Freeman, CR, Skamene, SR, and El Naqa, I. A Radiomics Model From Joint FDG-PET and MRI Texture Features for the Prediction of Lung Metastases in Soft-Tissue Sarcomas of the Extremities. Phys Med Biol (2015) 60(14):5471–96. doi: 10.1088/0031-9155/60/14/5471

16. Moldovanu, CG, Boca, B, Lebovici, A, Tamas-Szora, A, Feier, DS, Crisan, N, et al. Preoperative Predicting the WHO/ISUP Nuclear Grade of Clear Cell Renal Cell Carcinoma by Computed Tomography-Based Radiomics Features. J Pers Med (2020) 11(1). doi: 10.3390/jpm11010008

17. Uhlig, J, Leha, A, Delonge, LM, Haack, AM, Shuch, B, Kim, HS, et al. Radiomic Features and Machine Learning for the Discrimination of Renal Tumor Histological Subtypes: A Pragmatic Study Using Clinical-Routine Computed Tomography. Cancers (Basel) (2020) 12(10). doi: 10.3390/cancers12103010

18. Shuch, B, Amin, A, Armstrong, AJ, Eble, JN, Ficarra, V, Lopez-Beltran, A, et al. Understanding Pathologic Variants of Renal Cell Carcinoma: Distilling Therapeutic Opportunities From Biologic Complexity. Eur Urol (2015) 67(1):85–97. doi: 10.1016/j.eururo.2014.04.029

19. Rini, BI, Campbell, SC, and Escudier, B. Renal Cell Carcinoma. Lancet (2009) 373(9669):1119–32. doi: 10.1016/s0140-6736(09)60229-4

20. Nie, P, Yang, G, Wang, Z, Yan, L, Miao, W, Hao, D, et al. A CT-based Radiomics Nomogram for Differentiation of Renal Angiomyolipoma Without Visible Fat From Homogeneous Clear Cell Renal Cell Carcinoma. Eur Radiol (2019). doi: 10.1007/s00330-019-06427-x

21. Varghese, BA, Chen, F, Hwang, DH, Cen, SY, Desai, B, Gill, IS, et al. Differentiation of Predominantly Solid Enhancing Lipid-Poor Renal Cell Masses by Use of Contrast-Enhanced Ct: Evaluating the Role of Texture in Tumor Subtyping. AJR Am J Roentgenol (2018) 211(6):W288–w296. doi: 10.2214/ajr.18.19551

22. Feng, Z, Shen, Q, Li, Y, and Hu, Z. CT Texture Analysis: A Potential Tool for Predicting the Fuhrman Grade of Clear-Cell Renal Carcinoma. Cancer Imaging (2019) 19(1):6. doi: 10.1186/s40644-019-0195-7

23. Goh, V, Ganeshan, B, Nathan, P, Juttla, JK, Vinayan, A, and Miles, KA. Assessment of Response to Tyrosine Kinase Inhibitors in Metastatic Renal Cell Cancer: CT Texture as a Predictive Biomarker. Radiology (2011) 261(1):165–71. doi: 10.1148/radiol.11110264

24. Lubner, MG, Stabo, N, Abel, EJ, Del Rio, AM, and Pickhardt, PJ. Ct Textural Analysis of Large Primary Renal Cell Carcinomas: Pretreatment Tumor Heterogeneity Correlates With Histologic Findings and Clinical Outcomes. AJR Am J Roentgenol (2016) 207(1):96–105. doi: 10.2214/ajr.15.15451

25. Zeng, H, Chen, L, Wang, M, Luo, Y, Huang, Y, and Ma, X. Integrative Radiogenomics Analysis for Predicting Molecular Features and Survival in Clear Cell Renal Cell Carcinoma. Aging (Albany NY) (2021) 13(7):9960–75. doi: 10.18632/aging.202752

26. Huang, Y, Zeng, H, Chen, L, Luo, Y, Ma, X, and Zhao, Y. Exploration of an Integrative Prognostic Model of Radiogenomics Features With Underlying Gene Expression Patterns in Clear Cell Renal Cell Carcinoma. Front Oncol (2021) 11:640881. doi: 10.3389/fonc.2021.640881

27. Kattan, MW, Hess, KR, Amin, MB, Lu, Y, Moons, KG, Gershenwald, JE, et al. American Joint Committee on Cancer Acceptance Criteria for Inclusion of Risk Models for Individualized Prognosis in the Practice of Precision Medicine. CA Cancer J Clin (2016) 66(5):370–4. doi: 10.3322/caac.21339

28. Speed, JM, Trinh, QD, Choueiri, TK, and Sun, M. Recurrence in Localized Renal Cell Carcinoma: A Systematic Review of Contemporary Data. Curr Urol Rep (2017) 18(2):15. doi: 10.1007/s11934-017-0661-3

29. Motzer, RJ, Jonasch, E, Agarwal, N, Bhayani, S, Bro, WP, Chang, SS, et al. Kidney Cancer, Version 2.2017, NCCN Clinical Practice Guidelines in Oncology. J Natl Compr Canc Netw (2017) 15(6):804–34. doi: 10.6004/jnccn.2017.0100

30. Viers, BR, Thompson, RH, Lohse, CM, Cheville, JC, Leibovich, BC, Boorjian, SA, et al. Pre-Treatment Neutrophil-to-Lymphocyte Ratio Predicts Tumor Pathology in Newly Diagnosed Renal Tumors. World J Urol (2016) 34(12):1693–9. doi: 10.1007/s00345-016-1821-7

31. Senbabaoglu, Y, Gejman, RS, Winer, AG, Liu, M, Van Allen, EM, de Velasco, G, et al. Tumor Immune Microenvironment Characterization in Clear Cell Renal Cell Carcinoma Identifies Prognostic and Immunotherapeutically Relevant Messenger RNA Signatures. Genome Biol (2016) 17(1):231. doi: 10.1186/s13059-016-1092-z

32. Kattan, MW. Judging New Markers by Their Ability to Improve Predictive Accuracy. J Natl Cancer Inst (2003) 95(9):634–5. doi: 10.1093/jnci/95.9.634

33. Meng, Y, Zhang, Y, Dong, D, Li, C, Liang, X, Zhang, C, et al. Novel Radiomic Signature as a Prognostic Biomarker for Locally Advanced Rectal Cancer. J Magn Reson Imaging (2018). doi: 10.1002/jmri.25968

34. Lovinfosse, P, Polus, M, Van Daele, D, Martinive, P, Daenen, F, Hatt, M, et al. Fdg PET/CT Radiomics for Predicting the Outcome of Locally Advanced Rectal Cancer. Eur J Nucl Med Mol Imaging (2018) 45(3):365–75. doi: 10.1007/s00259-017-3855-5

35. Dalal, V, Carmicheal, J, Dhaliwal, A, Jain, M, Kaur, S, and Batra, SK. Radiomics in Stratification of Pancreatic Cystic Lesions: Machine Learning in Action. Cancer Lett (2019). doi: 10.1016/j.canlet.2019.10.023



Conflict of Interest: Authors JC and NG were employed by company Huiying Medical Technology Co., Ltd.

The remaining 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.

The reviewer QQ declared a shared affiliation with one of the authors, NW, to the handling editor at time of review.

Copyright © 2021 Yan, Yang, Cui, Miao, Wang, Zhao, Wang, Gong, Guo, Nie and Wang. 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: 20 July 2021
doi: 10.3389/fbioe.2021.695305






[image: image2]

Prediction of Inflammatory Breast Cancer Survival Outcomes Using Computed Tomography-Based Texture Analysis

Sung Eun Song1, Bo Kyoung Seo2*, Kyu Ran Cho1, Ok Hee Woo3, Balaji Ganeshan4, Eun Sil Kim2 and Jaehyung Cha5


1Department of Radiology, Korea University Anam Hospital, Korea University College of Medicine, Seoul, South Korea

2Department of Radiology, Korea University Ansan Hospital, Korea University College of Medicine, Ansan, South Korea

3Department of Radiology, Korea University Guro Hospital, Korea University College of Medicine, Seoul, South Korea

4Institute of Nuclear Medicine, University College London Hospitals NHS Trust, London, United Kingdom

5Medical Science Research Center, Korea University Ansan Hospital, Korea University College of Medicine, Ansan, South Korea

Edited by:
Xujiong Ye, University of Lincoln, United Kingdom

Reviewed by:
Liu Yiqiang, Beijing Cancer Hospital, China
 Chaoyue Chen, Sichuan University, China

*Correspondence: Bo Kyoung Seo, seoboky@korea.ac.kr
 seoboky@gmail.com

Specialty section: This article was submitted to Biomaterials, a section of the journal Frontiers in Bioengineering and Biotechnology

Received: 14 April 2021
 Accepted: 18 June 2021
 Published: 20 July 2021

Citation: Song SE, Seo BK, Cho KR, Woo OH, Ganeshan B, Kim ES and Cha J (2021) Prediction of Inflammatory Breast Cancer Survival Outcomes Using Computed Tomography-Based Texture Analysis. Front. Bioeng. Biotechnol. 9:695305. doi: 10.3389/fbioe.2021.695305



Background: Although inflammatory breast cancer (IBC) has poor overall survival (OS), there is little information about using imaging features for predicting the prognosis. Computed tomography (CT)-based texture analysis, a non-invasive technique to quantify tumor heterogeneity, could be a potentially useful imaging biomarker. The aim of the article was to investigate the usefulness of chest CT-based texture analysis to predict OS in IBC patients.

Methods: Of the 3,130 patients with primary breast cancers between 2006 and 2016, 104 patients (3.3%) with IBC were identified. Among them, 98 patients who underwent pre-treatment contrast-enhanced chest CT scans, got treatment in our institution, and had a follow-up period of more than 2 years were finally included for CT-based texture analysis. Texture analysis was performed on CT images of 98 patients, using commercially available software by two breast radiologists. Histogram-based textural features, such as quantification of variation in CT attenuation (mean, standard deviation, mean of positive pixels [MPP], entropy, skewness, and kurtosis), were recorded. To dichotomize textural features for survival analysis, receiver operating characteristic curve analysis was used to determine cutoff points. Clinicopathologic variables, such as age, node stage, metastasis stage at the time of diagnosis, hormonal receptor positivity, human epidermal growth factor receptor 2 positivity, and molecular subtype, were assessed. A Cox proportional hazards model was used to determine the association of textural features and clinicopathologic variables with OS.

Results: During a mean follow-up period of 47.9 months, 41 of 98 patients (41.8%) died, with a median OS of 20.0 months. The textural features of lower mean attenuation, standard deviation, MPP, and entropy on CT images were significantly associated with worse OS, as was the M1 stage among clinicopathologic variables (all P-values < 0.05). In multivariate analysis, lower mean attenuation (hazard ratio [HR], 3.26; P = 0.003), lower MPP (HR, 3.03; P = 0.002), and lower entropy (HR, 2.70; P = 0.009) on chest CT images were significant factors independent from the M1 stage for predicting worse OS.

Conclusions: Lower mean attenuation, MPP, and entropy on chest CT images predicted worse OS in patients with IBC, suggesting that CT-based texture analysis provides additional predictors for OS.

Keywords: overall survival, breast neopalsms, computed tomgraphy, texture, histogram


INTRODUCTION

Inflammatory breast cancer (IBC) is an aggressive malignancy and accounts for 1–6% of all breast cancers (Anderson et al., 2005). Despite the lack of molecular markers that distinguish inflammatory and non-inflammatory breast cancer at the molecular level, the two clinical entities are clearly distinct in terms of symptoms, natural history, and survival (Fouad et al., 2017). It is characterized by diffuse edema and erythema, involving one-third or more of the skin of the breast that results from tumor infiltration of the dermal lymphatics. IBC is classified as “cT4d” by the American Joint Committee on Cancer (AJCC) (Giuliano et al., 2018). Thus, patients with non-metastatic IBC are considered stage IIIB, regardless of tumor size or lymph node spread, and the patients with metastatic IBC are considered stage IV. Fouad et al. (2015) reported that the patients with IBC who present with distant metastasis at diagnosis (stage IV) have significantly worse overall survival compared with those who have stage IV non-inflammatory breast cancer. With the introduction of trimodal treatment, including neoadjuvant chemotherapy, mastectomy, and radiation therapy, the prognosis of IBC has improved with a 2-year survival rate of 62% between 1990 and 1995 to 76% between 2006 and 2010 (Ueno et al., 1997; Low et al., 2004; Dawood et al., 2014). However, even after trimodal treatment, IBC still has a very poor outcome with a 5-year overall survival (OS) rate of 25–50% (Hance et al., 2005; Cristofanilli et al., 2007). Therefore, it is important to identify early prognostic factors that predict poor survival outcomes and to determine aggressive treatment in a carefully selected group of IBC patients.

Several studies demonstrated that diffuse erythema, lymph node involvement, chest-wall adherence, hormone receptor-negative status, age >50 years, and incomplete tumor regression after chemotherapy are associated with worse survival outcomes in IBC (Chevallier et al., 1987; Fields et al., 1989; Palangie et al., 1994; Pierga et al., 2017). Therefore, breast imaging is crucial in determining the extent of tissue involvement and predicting the prognosis of IBC. However, few studies have used imaging features to predict the prognosis in IBC patients. To assess AJCC cancer staging and treatment effectiveness according to the response evaluation criteria in solid tumors (RECIST) (Eisenhauer et al., 2009), morphological methods, such as tumor size measurements on imaging, are essential. However, IBC regards as a non-measurable tumor at the RECIST guideline, and tumor size measurement is inappropriate for evaluation of the treatment response. Therefore, there is an unmet need for treatment monitoring and risk stratification of patients with IBC.

Texture analysis, which is a non-invasive technique that quantifies the spatial pattern of pixel intensities on imaging, is an objective measure of tumor heterogeneity (Ganeshan et al., 2013). Tumor heterogeneity has been recognized as a key feature of therapeutic resistance that reflects intra-tumor variation in cell density, necrosis, or angiogenesis (Nelson et al., 2004). Computed tomography (CT)-based texture analysis has been shown to provide predictive information about survival or recurrence or response to chemotherapy in patients with lung, liver, head and neck, and colorectal cancer (Ganeshan et al., 2012; Ng et al., 2013; Zhang et al., 2013; Chee et al., 2017; Mule et al., 2018). However, there is very little published literature on CT-based texture analysis in breast cancer despite several studies have demonstrated that textural features from magnetic resonance imaging (MRI) are associated with survival outcomes (Pickles et al., 2016; Kim et al., 2017) and response to neoadjuvant chemotherapy (Chamming's et al., 2018). Because IBC is considered at least stage IIIB at diagnosis, systemic staging studies, such as chest CT or positron emission tomography, combined with CT scan, are done to assess whether the cancer has spread to lymph nodes or lungs. It was reported that 95% of patients with stages III and IV breast cancer underwent chest CT scan for staging (James et al., 2019). That study shows that chest CT is one of the investigations of choice for staging and metastatic work-up of new breast cancers, and suggests routine performance of chest CT in advanced breast cancers (stages III and IV) because metastases are higher compared with early breast cancers (stages I and II). If simpler measures (e.g., histogram analysis) of CT-derived prognostic biomarkers could be readily incorporated in routine clinical practice, they could be potentially useful non-invasive imaging biomarkers, which could help in making optimal treatment decisions and improve overall clinical outcomes.

The purpose of this study was to investigate the usefulness of CT-based texture analysis and clinicopathologic features to predict OS in patients with IBC.



METHODS


Patients

This retrospective study was approved by our institutional review board (IRB Number: 2020AS0113), and the need for written informed patient consent was waived. After a review of medical records between January 2006 and December 2016, we identified 3,130 consecutive patients with breast cancer who were first diagnosed with tissue biopsies in our institution. Among those, 104 patients (3.3%) had IBC in AJCC breast cancer staging (Giuliano et al., 2018). The inclusion criteria were as follows: (i) pretreatment contrast-enhanced chest CT scan in our institution; (ii) combined modality therapy in our institution, consisting of neoadjuvant chemotherapy, radiotherapy with or without surgery, and/or adjuvant chemotherapy; (iii) a follow-up period of more than 2 years if the patient was alive; and (iv) no concurrent malignancy in other organs. Of the 104 patients, six were excluded: three patients because they were transferred to another hospital, two patients who did not have chest CT images, and one patient had <2 years of follow-up. Final study population, consisting of 98 patients, was presented in Figure 1. The interval between pathological diagnosis of breast cancer and chest CT scans ranged from 3 to 30 days (median: 7 days).


[image: Figure 1]
FIGURE 1. A flow diagram of study population.




CT Acquisition

Various CT scanners were used, including Brilliance 64 or Ingenuity 128 or Icon Spectral CT (Philips Medical Systems, Amsterdam, Netherlands), or Somatom Volume Zoom or Somatom Definition Flash (Siemens, Erlangen, Germany). Our chest CT was performed, using tube voltage of 80–120 kVp and tube current ranging from 30 to 300 mAs. The acquired CT images were reconstructed into a lung and a mediastinal window. The reconstruction parameters comprised of a 3-mm-slice thickness and no reconstruction interval. For the post-contrast scan, intravenous contrast medium (120–150 ml of 300–370 mg/ml non-ionic contrast) was injected at a rate of 2–3 ml/s, followed by a 40-m saline bolus. Scanning was commenced 90 s after contrast medium injection.



CT Texture Analysis

Histogram-based texture analysis was done on the axial post-contrast DICOM images with a mediastinal window setting, using commercially available research software (TexRAD software—Feedback Medical Ltd., Cambridge, UK). Two radiologists (S.E.S. and B.K.S., 10 and 22 years of experience in breast imaging), who were blinded to the clinicopathologic findings and survival outcomes, reviewed the CT images and drew a region of interest (ROI) two times on the CT image surrounding the entire enhancing tumor margin at the largest cross-sectional area of the tumor (Figures 2, 3). For diffuse infiltrative tumors, the largest enhancing lesion was selected and measured. The initial step of texture analysis constitutes an image filtration-histogram step where the Laplacian of Gaussian band-pass filter was used to selectively extract textural features of different sizes and intensity variation. For tuning the filter parameter, spatial-scale image filtration (SSF), ranging from 2.0 to 6.0, was used. Each SSF corresponded to the same number of millimeters of pixel scales in radius; fine (SSF 2.0: 2 mm), medium (SSF 3.0–5.0: 3–5 mm), and coarse (SSF 6.0: 6 mm). After an image filtration-histogram step, a texture quantification step, which quantified heterogeneity within ROI with and without image filtration, using SSF, was performed for calculating six textural features (mean attenuation, standard deviation [SD], mean of positive pixels [MPP], entropy, kurtosis, and skewness) of the pixel distribution histogram. Mean attenuation is the average attenuation value (Hounsfield units, HU). SD is a measure of the dispersion from the average value of the histogram. MPP represents the average attenuation value of pixels >0, reflecting the average brightness of only positive pixel values. Entropy is a measure of irregularity or complexity. Kurtosis indicates the pointiness/sharpness of the histogram pixel distribution. Skewness reflects the asymmetry of the histogram pixel distribution. The values initially measured by one reader were used for statistical analysis. CT-based texture analysis has undergone the qualification and validation processes as evidenced from a number of publications in literature in an oncological setting (Van der Auwera et al., 2004; Ganeshan et al., 2012; Ng et al., 2013).


[image: Figure 2]
FIGURE 2. Findings in a 74-year-old woman who died 23 months after the diagnosis of luminal-like breast cancer in the left breast. At the time of diagnosis, she did not have a distant metastasis. (A) An axial post-contrast CT image shows an irregular enhancing mass (arrow) with a central area of low attenuation, suggesting necrosis. (B) A texture analysis image shows a region of interest (blue line), texture maps, and texture parameters on the CT image. (C) A CT texture histogram is obtained; from which, the different statistical-based metrics are extracted. Mean, MPP, entropy, and SD were lower for the patient with poor a prognosis. MPP, mean of positive pixels; SD, standard deviation.



[image: Figure 3]
FIGURE 3. Findings in a 49-year-old woman who was alive 65 months after the diagnosis of luminal-like breast cancer in the right breast. At the time of the diagnosis, she did not have a distant metastasis. (A) An axial post-contrast CT image shows an irregular mass (arrow) with strong enhancement. (B) A texture analysis image shows a region of interest (blue line), texture maps, and texture parameters on the CT image. (C) A CT texture histogram is obtained; from which, the different statistical-based metrics are extracted. Mean, MPP, entropy, and SD were higher for the patient with a good prognosis. MPP, mean of positive pixels; SD, standard deviation.




Clinicopathologic Data

We evaluated AJCC breast cancer staging and pathological biomarkers, using the medical records database. Cancer staging was assessed as tumor, lymph node (N), and the metastasis (M) stage from physical examination and imaging studies, such as breast MRI, chest CT scan, bone scan, and positron emission tomography combined with CT scan. Estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor 2 (HER2) status were evaluated from tissue biopsies or surgical specimens. ER- and PR-positivities were determined, using a cutoff value of >1% positively stained nuclei. Silver-enhanced in situ hybridization (SISH) was performed to detect the presence of HER2 amplification (gene copy number >6 or HER2/chromosome 17 ratio >2.2) if tumors had HER2 scores of 2+. On the basis of the results of ER, PR, and HER2 analysis, the tumors were categorized into three molecular subtypes: luminal-like (ER/PR-positive and HER2-negative), HER2-like (ER/PR-negative and HER2-positive), and basal-like (ER/PR/HER2-negative) (Giuliano et al., 2018). Treatment information, such as neoadjuvant chemotherapy, adjuvant chemotherapy, and adjuvant radiation therapy, was also recorded.



Statistical Analysis

The primary end point was OS. Patients were followed up until death from disease progression or until March 2020 if they were alive. OS was defined as the time span from the date of diagnosis of IBC to the date of death or the last clinical follow-up.

All data were checked, using Levene's test for equality of variance. The textural features were compared between survivors and non-survivors, using non-parametric Mann–Whitney U-test. For survival analysis, significant textural features were dichotomized based on the optimal cutoff values identified by receiver operating characteristic curve analysis. The patients with values for textural features below the cutoff values were categorized into one group, while the remaining patients were categorized into another group. Kaplan–Meier curves were generated to compare survival between the two groups. Differences between the curves were evaluated by a log-rank test.

A univariate Cox proportional hazards model was used to analyze the effects on OS of clinicopathologic variables (age, N stage, M stage, ER, PR, HER2, molecular subtype, neoadjuvant chemotherapy, adjuvant chemotherapy, and adjuvant radiation therapy) and textural parameters. Collinearity between textural features was analyzed, using the Spearman rank correlation test, and a multivariate Cox proportional hazards model assessed the independence of each significant univariate texture predictor from the most significant clinical predictor of OS. Interobserver reliability between two readers and intraobserver reliability were assessed, using the interclass correlation coefficient (ICC). An r value of 1. was considered a perfect agreement; 0.81–0.99, almost perfect agreement; 0.61–0.80, substantial agreement; 0.41–0.60, moderate agreement; 0.21–0.40, fair agreement; and ≤0.20, slight agreement. Statistical analyses were performed, using SPSS version 20.0 (IBM Corp., Armonk, NY, USA), with a P-value < 0.05 considered to be significant.




RESULTS


Patient Characteristics

Ninety-eight patients (mean age, 54 ± 12 years; range, 25–87 years) were evaluated. The most common clinical N stage was N3 (35.7%, 35 of 98), followed by N1 (34.7%, 34 of 98), N2 (25.5%, 25 of 98), and N0 (4.1%, 4 of 98). At the time of diagnosis, 38 patients (38.7%, 38 of 98) had M1 stage. Molecular subtypes were as follows: luminal-like (32.6%, 32 of 98), HER2-like (39.8%, 39 of 98), and basal-like (27.6%, 27 of 98). Of the 98 patients, 88 (89.7%) underwent mastectomy, but the remaining 10 (10.3%) did not undergo surgery because of their poor general condition. During a mean follow-up period of 47.9 months (range, 3–157 months), 41 of 98 patients (41.8%) died with a median OS of 20.0 months (range, 3–62 months). Among the clinicopathologic variables, M1 was the only significant predictor of OS (P < 0.001). These data are summarized in Table 1.


Table 1. Univariate cox proportional hazard analysis of clinicopathologic variables associated with worse overall survival.
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CT Texture Analysis and Survival Outcomes

The CT textural features were compared between survivors (n = 57) and non-survivors (n = 41). When no image filtration (SSF0) was used, non-survivors showed lower mean attenuation, SD, MPP, and entropy on CT images (all P < 0.05) (Table 2). However, textural features obtained using an SSF of 2–6 showed no differences between survivors and non-survivors (Supplementary Table 1). Receiver operating characteristic curve analyses determined that the optimal cutoff values were 66.79 HU (area under the curve [AUC], 0.67; P = 0.004) for mean attenuation, 38.84 (AUC, 0.63; P = 0.024) for SD, 67.54 (AUC, 0.69; P = 0.001) for MPP, and 5.01 (AUC, 0.62; P = 0.042) for entropy on CT images (Supplementary Figure 1). Using these cutoffs, textural features were categorized into two groups. Kaplan–Meier curves were generated to compare OS between the two groups, and the log-rank test revealed that the textural features were significantly associated with OS outcomes (Figure 4). The Kaplan–Meier curve of M stage was shown in Supplementary Figure 2.


Table 2. Comparison of CT texture features between survivors and non-survivors.
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[image: Figure 4]
FIGURE 4. Kaplan–Meier curves. There were significant differences in overall survival according to attenuation of 66.79 HU in mean on post-contrast the CT image (P < 0.001) (A), attenuation of 67.54 HU in MPP on the CT image (P < 0.001) (B), SD of 38.84 on the CT image (P = 0.015) (C), and 5.01 in entropy on the CT image (P = 0.004) (D). HU, Hounsfield units; MPP, mean of positive pixels; SD, standard deviation.




Survival Analysis Using Cox Proportional Hazard Models

Among the textural features, lower mean attenuation (hazard ratio [HR], 3.87; P = 0.001), lower SD (HR, 2.18; P = 0.016), lower MPP (HR, 3.31; P = 0.001), and lower entropy (HR, 2.78; P = 0.005) on CT images were associated with worse OS in univariate analysis (Table 3). Collinearity was observed between all the textural features (all, P < 0.05) (Supplementary Table 2). Because of this collinearity, each dichotomized CT textural feature was analyzed with M1 stage, using a multivariate Cox proportional hazards model. In multivariate analysis, lower mean attenuation (HR, 3.26; P = 0.003), lower MPP (HR, 3.03; P = 0.002), and lower entropy (HR, 2.70; P = 0.009) on post-contrast CT images were significant factors in predicting worse OS, independent of M1 stage (Table 4).


Table 3. Univariate Cox proportional hazard analysis of CT texture features associated with worse overall survival.
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Table 4. Multivariate Cox proportional hazard analysis of clinicopathologic variables and CT texture features without image filtration associated with worse overall survival.
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Interobserver and Intraobserver Agreement

For interobserver agreement, the ICC between two readers was calculated. The ICC was 0.77 for mean, 0.81 for SD, 0.82 for entropy, 0.80 for MPP, 0.28 for skewness, and 0.16 for kurtosis. For intraobserver agreement, the ICC for reader 1 was 0.98 for mean, 0.93 for SD, 0.98 for entropy, 0.99 for MPP, 0.32 for skewness, and 0.18 for kurtosis, and that for reader 2 was 0.95 for mean, 0.90 for SD, 0.91 for entropy, 0.95 for MPP, 0.30 for skewness, and 0.19 for kurtosis.




DISCUSSION

Our results suggest that CT-based texture analysis can assess tumor heterogeneity and provide prognostic information in patients with IBC. Histogram-based statistical parameters, such as lower mean attenuation, lower MPP, and lower entropy on post-contrast CT images, were significant predictors of worse OS in the patients with IBC, independent of M1 stage at the time of diagnosis.

Our study had strengths. First, our exploratory study is the first to report the value of simple CT-based histogram statistics to act as a prognostic indicator for IBC, which can potentially be readily incorporated in routine practice. Since we used commercial software for image analysis, the results can be applied to clinical practice and multicenter studies. Our results suggest that CT-based texture analysis can be used as an adjunct in risk stratification for patients with IBC, which could help in making optimal treatment decisions and improve overall clinical outcomes. An interesting finding of our study is that when no image filtration was used, the texture features were different between survivors and non-survivors, while, when image filtration was used, there was no significant difference. Our results implicate that simple histogram statistics that do not require a dedicated post-processing platform can be used as prognostic markers in patients with breast cancer. This will increase the utility and applicability of CT-based texture analysis for patients with breast cancer. Second, our study provided further insight into the interpretation of texture results for the design of future CT studies in breast malignancies and non-measurable tumors according to the RECIST guideline (Eisenhauer et al., 2009). At RECIST, tumor lesions are categorized as measurable or non-measurable. Non-measurable lesions include IBC, leptomeningeal disease, ascites, pleural or pericardial effusion, lymphangitic involvement of the lung, and abdominal masses identified by a physical examination that cannot be measured by imaging techniques. Future studies could look at more intrinsic and complex texture analysis and machine-learning algorithms.

IBC is highly angiogenic and lymphangiogenic by gene expression quantification and immunohistochemistry, compared with other breast cancer types (McCarthy et al., 2002; Shan et al., 2013). Therefore, it has the potential to metastasize through both the hematogenous and lymphatic routes, and shows extensive spread to the breast subcutaneous lymphatics. Our results may be related to these pathologic properties of IBC. Lower mean CT attenuation in IBC is indicative of extensive necrosis, resulting from rapid tumor growth and edematous swelling from lymphatic emboli. Shan et al. (2013) evaluated the correlation between the degree of necrosis on CT images and the expression of hypoxic and angiogenesis biomarkers in breast cancers, and demonstrated that lower CT values were significantly positively correlated with microvessel density and hypoxic biomarkers. Rapid expansion of a tumor mass requires neovascularization to provide adequate oxygen and metabolites to the proliferating tumor cells; the absence of which results in hypoxia. Perrone et al. (2008) reported that the mean CT attenuation of 27 non-inflammatory breast cancers was 125 HU on post-contrast images. In our study, the mean attenuation of IBC was 60.92 HU on post-contrast images, lower than the values for non-inflammatory breast cancers (Perrone et al., 2008), which might have resulted from tumor necrosis and hypoxia. A CT texture study of metastatic renal cell carcinomas (Matoori et al., 2017) reported that lower mean attenuation predicted poor OS, and that pretreatment mean attenuation was a predictive marker of treatment response. Similarly, a lower mean CT attenuation of the tumor might be useful as an imaging biomarker for predicting worse OS in patients with IBC.

In our study, lower MPP predicted worse OS in patients with IBC. This finding is consistent with previous reports, demonstrating that lower MPP was associated with poor survival outcomes in patients with non-small cell lung cancer and hepatic metastatic colorectal cancer (Lubner et al., 2015; Hayano et al., 2016). Several studies have reported that MPP is associated with tumor angiogenesis, grade, and necrosis (Ganeshan et al., 2013; Lubner et al., 2015; Tian et al., 2015). In non-small cell lung cancer, MPP showed a significant inverse association with CD34 expression, which is an immunohistochemial marker of angiogenesis (Ganeshan et al., 2013). In hepatic metastatic colorectal cancers, lower MPP, SD, entropy on post-constrast images were associated with higher tumor grade (Lubner et al., 2015). In addition, because MPP was strongly associated with tumor necrosis, it was suggested to be the best predictor for chemotherapy response in soft-tissue sarcomas (Tian et al., 2015). In our study, lower MPP may be related to more extensive lymphovascular proliferation and necrosis in patients with IBC with poor OS. Further studies will be needed to confirm the association between MPP and pathological characteristics of IBC.

Entropy indicates irregularity and a marker of tumor heterogeneity. In our study, lower entropy on post-contrast CT images was associated with poor OS in patients with IBC. Previous CT texture studies of colon cancer and hepatic metastatic colorectal cancers also showed a relationship between lower entropy and poorer survival (Ng et al., 2013; Lubner et al., 2015). Kim et al. (2017) investigated MRI textural features in breast cancer and demonstrated that lower entropy on post-contrast T1-weighted images and higher entropy on T2-weighted images were associated with worse recurrence-free survival. They inferred that tumors with greater heterogeneity (higher entropy on T2-weighted images) could show more homogeneous enhancement on post-contrast T1-weighted images because of increased permeability; greater permeability that leads to lower contrast resolution between parenchyma and adjacent blood vessels may represent as lower heterogeneity on post-contrast images. Therefore, based on the results of previous MRI texture studies and our CT study, we suppose that lower entropy on post-contrast CT or MRI may be associated with worse OS in breast cancer patients.

Metastasis is common at the time of diagnosis of IBC because the increased lymphovascular proliferation and vascular permeability of IBC promote a distant metastasis. A large-cohort study of IBC (Wang et al., 2020) revealed that 224 of 635 patients (35.3%) had a distant metastasis, which was very similar to the 38.7% seen in our study. In our study, a metastasis had a significant impact on OS; however, known prognotic factors, such as lymph node involvement, hormone receptor negativity or age (Chevallier et al., 1987; Fields et al., 1989; Palangie et al., 1994), were not associated with worse OS.

Our study had several limitations. Firstly, the mean follow-up period of the study population was short at 47.9 months; that of non-survivors was 25.8 months, and that of survivors was 63.0 months. A longer follow-up period will be required to acquire a robust estimate of the impact of texture features on the survival outcome. Secondly, we obtained texture features on a single section of the largest cross-sectional diameter of the tumor, rather than on the multi-slice or volume analysis. However, according to previous studies, the texture results from two-dimensional and three-dimensional analysis are similar, and the intraobserver reproducibility of single-section measurements is quite high (Lubner et al., 2015; Smith et al., 2015). Based on our results, ICCs for mean, SD, entropy, and MPP, which were significant predictors for OS, showed almost perfect to perfect agreement. On the other hand, ICCs for skewness and kurtosis showed slight to a fair agreement. Thirdly, our study was retrospective in nature and results were acquired from a single institution, using a single software program on a small sample size. Finally, we included the patients with IBC with the M1 stage in our study population despite the M1 stage is a well-known factor predicting a worse prognosis. We collected the patients with IBC during 10 years, but the number of study population was small, and 38.7% of the patients with IBC (38 of 98) had M1 stage at the time of diagnosis. Nevertheless, our study proved that texture features were significant factors independent from the M1 stage for predicting worse OS in patients with IBC.

In conclusion, our results from an exploratory study highlight the potential of CT-based texture analysis to act as a non-invasive imaging biomarker, predicting the prognosis of patients with IBC. Identifying new risk factors from chest CT scans may allow clinicians to optimize surveillance and treatment strategies based on individual risk of the patients with IBC.
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Supplementary Figure 1. Receiver operating characteristic (ROC) curve analyses for the optimal cutoff values. An ROC curve (an area under the curve [AUC], 0.67; P = 0.004) for mean attenuation (A), an ROC curve (AUC, 0.63; P = 0.024) for SD (B), an ROC curve (AUC, 0.69; P = 0.001) for MPP (C), and an ROC curve (AUC, 0.62; P = 0.042) for entropy (D).

Supplementary Figure 2. Kaplan–Meier curves of the M stage. There were significant differences in overall survival according to the metastasis (M1) stage at the time of the diagnosis.

Supplementary Table 1. CT texture features at spatial scale filters of 2–6.

Supplementary Table 2. Spearman rank correlation coefficients for CT texture features.
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Purpose

Neuroendocrine tumors (NET) are rare cancers with variable behavior. A better understanding of prognosis would aid individualized management. The aim of this hypothesis-generating pilot study was to investigate the prognostic potential of tumor heterogeneity and tracer avidity in NET using texture analysis (TA) of 68Ga-DOTATATE positron emission tomography (PET) and non-enhanced computed tomography (CT) performed at baseline in patients treated with 177Lu-DOTATATE. It aims to justify a larger-scale study to evaluate its clinical value.



Methods

The pretherapy 68Ga-DOTATATE PET-CT scans of 44 patients with metastatic NET (carcinoid, pancreatic, thyroid, head and neck, catecholamine-secreting, and unknown primary NET) treated with 177Lu-DOTATATE were analyzed retrospectively using commercially available texture analysis research software. Image filtration extracted and enhanced objects of different sizes (fine, medium, coarse), then quantified heterogeneity by statistical and histogram-based parameters (mean intensity, standard deviation, entropy, mean of positive pixels, skewness, and kurtosis). Regions of interest were manually drawn around up to five of the most 68Ga-DOTATATE avid lesions for each patient. 68Gallium uptake on PET was quantified as SUVmax and SUVmean. Associations between imaging and clinical markers with progression-free (PFS) and overall survival (OS) were assessed using univariate Kaplan-Meier analysis. Independence of the significant univariate markers of survival was tested using multivariate Cox regression analysis.



Results

Measures of heterogeneity (higher kurtosis, higher entropy, and lower skewness) on coarse-texture scale CT and unfiltered PET images predicted shorter PFS (CT coarse kurtosis: p=0.05, PET entropy: p=0.01, PET skewness: p=0.03) and shorter OS (CT coarse kurtosis: p=0.05, PET entropy: p=0.01, PET skewness p=0.02). Conventional PET parameters such as SUVmax and SUVmean showed trends towards predicting outcome but were not statistically significant. Multivariate analysis identified that CT-TA (coarse kurtosis: HR=2.57, 95% CI=1.22–5.38, p=0.013) independently predicted PFS, and PET-TA (unfiltered skewness: HR=9.05, 95% CI=1.19–68.91, p=0.033) independently predicted OS.



Conclusion

These preliminary data generate a hypothesis that radiomic analysis of neuroendocrine cancer on 68Ga-DOTATATE PET-CT may be of prognostic value and a valuable addition to the assessment of patients.





Keywords: 68Ga-DOTATATE PET/CT, 177Lu-DOTATATE molecular radiotherapy, neuroendocrine tumor (NET), prognostic biomarker, texture analysis, radiomics



Introduction

Neuroendocrine tumors (NET) are rare and heterogeneous. This variety presents challenges when making decisions about sequencing of therapies in metastatic disease. Clinical features such as primary tumor, metastatic characteristics, and prior systemic treatments have prognostic potential (1). However, they are inconsistent, and more reliable markers are needed.

Somatostatin receptor (STTR) expression on the tumor cell surface can be measured by 68Ga-DOTATATE positron emission tomography (PET) computed tomography (CT) hybrid-imaging scans. There is evidence that tumor avidity on 68Ga-DOTATATE scans may be linked to outcome in NET patients (2, 3).

De-differentiation of NET is often associated with a more aggressive phenotype. Histologic intratumor heterogeneity is a measure of this (4) but is difficult to evaluate in metastases. Functional imaging is simpler for assessment of metastatic heterogeneity and enables quantitative assessment. Texture analysis (TA) of CT and PET images, where the tumor coarseness and distribution of pixel gray-level intensity can reflect tumor heterogeneity, is one such tool (5). It uses standard non-invasive diagnostic imaging, avoiding the need for extra radiation or additional complex, invasive procedures or expense. TA has been used in various tumors including lung and esophageal cancers: higher indices of heterogeneity are associated with worse outcomes (6–8).

Could PET and CT-TA be useful, in addition to clinical factors, for prognostication in NET? With better prognostic information, management of metastatic NET could be individualized, leading to personalized selection of treatments in those most likely to benefit.

This pilot study aimed to demonstrate the prognostic potential of tumor avidity and heterogeneity in patients with NET from a single institution treated with 177Lutetium DOTATATE peptide receptor radionuclide therapy (PRRT). We hypothesized that tumors with higher heterogeneity scores and lower standardized uptake values (SUV) would be associated with a worse prognosis.



Materials and Methods


Patients

This retrospective pilot study included all NET patients aged over 18 years treated at our hospital with 177Lu-DOTATATE molecular radiotherapy between 2007 and 2016. It included carcinoid, pancreatic, thyroid, head and neck, catecholamine-secreting, and unknown primary NET. Neuroblastoma and central nervous system NET were excluded. Ethical approval for data collection and analysis was granted by HRA and Health and Care Research Wales (IRAS project number 204124).

For treatment, patients had to have a baseline 68Ga-DOTATATE PET-CT with tumor avidity greater than liver. Other criteria were creatinine <150 µmol L−1 or creatinine clearance >50 ml min−1 1.72 m−2, and Eastern Cooperative Oncology Group (ECOG) performance status of 3 or less.



Treatment

177Lu-DOTATATE was obtained commercially from IDB Holland (http://www.idb-holland.com/our-products/lutetium-177-lumark/- Baarle-Nassau, Netherlands). Patients were planned to receive four administrations of 177Lu-DOTATATE at a dose of 7.4 GBq. Those with glomerular filtration rate of <60 ml min−1 1.72 m−2 were treated with 50% dose reduction. Premedication was with oral ondansetron and dexamethasone over 5 days. To reduce renal radiation, an intravenous infusion of amino acids (2.5% L-lysine and 2.5% L-arginine) was commenced (1 L/4 h) 30 min before administration of intravenous 177Lu-DOTATATE, given over 30 min. Subsequently, patients were monitored weekly for toxicities. Typically, four courses were administered at 8- to 12-week intervals; however, treatment was discontinued for disease progression or toxicity.



Follow-Up

Patients were followed and imaged 6 monthly with 68Ga-DOTATATE PET-CT. The primary outcome measure was progression-free survival (PFS) as further cancer therapy might affect overall survival. PFS was calculated from the date of first 177Lu-DOTATATE course to disease progression of any type; classified on 68Ga-DOTATATE PET-CT as development of a new metastasis or a 20% increase in target lesion size (RECIST v1.1) and not increase in SUV of a target lesion. Overall survival (OS) was recorded.



PET-CT Image Acquisition

68Ga-DOTATATE PET-CT scans were carried out on a Discovery STE dual PET-CT machine (GE Healthcare). The activity of 68Ga-DOTATATE injected intravenously was dependent on the yield from the 68Ga/Ge generator, but it was intended that 250 MBq be used. PET-CT scans were acquired after 45 min. No intravenous or oral contrast was used. A low-dose scout projection was used to localize the region of head to thigh for transmission and emission imaging. The low-dose CT component of the PET-CT scan was obtained at 120 kVp with modulated tube current (30–300 mA) and 1.75 pitch. CT slice thickness was 5 mm. In plane pixel resolution was 0.98 mm × 0.98 mm. A three-dimensional mode was used for PET acquisition, spending 4 min in each bed position. Images were iteratively reconstructed with 21 subsets with attenuation correction. PET-CT images were fused but were also available separately for analysis.



PET-CT Image Analysis


Conventional PET-CT Analysis

Regions of interest (ROI) were drawn around the most avid lesions/metastases (up to five tumor foci) for each patient as seen on the 68Ga-DOTATATE PET-CT scan. For each patient within each lesion, standardized Gallium uptake value (SUV) on PET was quantified as the maximum (SUVmax) and average (SUVmean) uptake values. Additionally, for each patient, the 68Ga-DOTATATE uptake tumor area on PET for each lesion was quantified as total number of pixels. This measurement is similar to the metabolic tumor area (which has increasingly been shown to be a useful prognostic biomarker 18F-FDG PET imaging), but the term “metabolic” in the setting of 68Ga-DOTATATE PET is a misnomer, hence using the descriptive term 68Ga-DOTATATE uptake tumor area.



CT and PET Texture Analysis (CT-TA and PET-TA)

Tumor heterogeneity was further assessed using texture analysis performed on the non-contrast, low-dose CT, as well as the attenuation-corrected PET components of the pretreatment 68Ga-DOTATATE PET scans, using a commercially available TexRAD research software (TexRAD, part of Feedback Medical Ltd, www.fbkmed.com, Cambridge, UK), which has been developed following a stringent regulatory and quality process based on ISO 13485 and 9001.

For each patient, two-dimensional ROIs were manually drawn around the individual lesions (identified on PET as described above) on the CT and PET slices corresponding to the most avid slice on PET. For CT-TA, each ROI underwent a filtration-histogram technique where the image filtration step (using a Laplacian of Gaussian band-pass filter, which is similar to a non-orthogonal Wavelet) extracted and enhanced objects/features of different sizes corresponding to different spatial scale filter (SSF), varying from 2 mm (fine), 3–5 mm (medium), and 6 mm (coarse) texture scale. This was followed by quantification using statistical and histogram-based analysis comprising mean gray-level intensity, standard deviation, entropy, mean of positive pixels, skewness, and kurtosis. Pixels within the ROI less than −50 HU (e.g., air, gases) were excluded from CT-TA. In addition, CT-TA also comprised of quantification without the use of image filtration as a control. In total, 36 texture features were quantified for CT-TA. Owing to the inherently low resolution associated with PET SUV images, PET-TA did not use image filtration which comprised six texture features. This filtration-histogram-based texture analysis methodology has undergone a qualification process demonstrating biological correlate, technical validation, clinical applications (prognosis, disease severity, treatment response/prediction), and cost-effective analysis evidenced through a number of publications (8–13). Figure 1 provides an illustration of the filtration-histogram-based TA as applied on an individual lesion for a couple of patients with NET on 68Ga-DOTATATE PET/CT.




Figure 1 | Illustration of the filtration-histogram-based texture analysis as applied on an individual liver lesion for two patients with NET on 68Ga-DOTATATE PET/CT. Top patient had a better response/outcome (PFS=30 months and OS=50 months) compared to the bottom patient (PFS=1 month and OS=6 months) to 177Lu-DOTATATE. (A, G) highlight the conventional CT image with the tumor encircled for the two patients, followed by corresponding (B, H), which highlight the fine-texture map; (C, I) highlight the medium-texture map; (D, J) highlight the coarse-texture map; (E, K) highlight the PET image with the tumor encircled; and (F, L) highlight the histogram distribution along with the texture features (kurtosis, skewness, and entropy) for the coarse-texture map on CT (as an example). For the texture maps: Pink reflects positive filtered pixel intensity values, i.e., bright areas (the more intense the color, the brighter the area); blue reflects negative filtered pixel intensity values, i.e., dark areas (the more intense the color, the darker the area). For the PET-image: Brighter areas reflect increased avidity.



The texture analysis was conducted by a single radiographer (RE) with 20 years of experience in radiology and nuclear medicine under the supervision of a consultant radionuclide radiologist/nuclear medicine physician (SW) with 6 years of experience and senior imaging scientist (BG) with 12 years of experience in texture analysis. All of them were blinded to the clinical outcome.




Clinical Parameters

Information about site of primary, location of metastases, and previous treatments was collected to assess the effect of clinical parameters on outcome measures.



Statistical Analysis

For each patient the average value of the different image quantification from all available lesions was derived to provide patient level metrics. The relationships of tumor heterogeneity (quantified by CT-TA and PET-TA), Gallium DOTATATE uptake (SUVmax, SUVmean, and 68Ga-DOTATATE uptake tumor area), and clinical markers with patient survival (PFS and OS) were assessed using univariate Kaplan-Meier (KM) survival analysis. Median values for these parameters were used as thresholds to separate the survival plots (poor and good prognostic groups). The significant differences in the survival plots were further evaluated using non-parametric log rank test. KM curves for patients above and below the median cut-off for the significant parameter were constructed.

A Benjamini-Hochberg correction using a false discovery rate of 30% was applied to the analysis in order to reduce the false discovery rate that can occur when making multiple comparisons (14).

Multivariate step-wise forward-Wald Cox regression analysis was used to determine which significant univariate markers (after Benjamini-Hochberg correction) were independent of each other in predicting patient survival along with the hazard ratio, 95% confidence interval. In all analyses, p values <0.05 were considered significant.




Results

Forty-four patients were treated with 177Lu-DOTATATE between June 2007 and February 2016. Patient characteristics are listed in Table 1. Seventy-five percent of patients (33/44) received at least four treatments, and 18% (8/44) only had one dose of radionuclide.


Table 1 | Patient characteristics.



The median follow-up time was 37 months (range 5–82 months), during which, 39 (80%) patients progressed and 28 (57%) patients died. The median PFS was 22 months (95% confidence interval: 10–34, IQR 8–40). The median OS was 37 months (95% confidence interval: 19–55, IQR 9–74).

Thirty-two patients had a 68Ga-DOTATATE PET-CT at 6 months after treatment to assess disease response. No patients had a complete response to 177Lu-DOTATATE; however, 10 patients (23%) had a partial response (PR), 20 had stable disease (SD) (63%), and 2 had disease progression (PD) (6%). Twelve (27%) patients had PD before 6 months and so did not have a response assessment scan.


Univariate Kaplan-Meier Analysis

The PET-CT, texture, and clinical parameters that influenced PFS and OS at the median threshold values after Benjamini-Hochberg correction are detailed in Tables 2 and 3, respectively.


Table 2 | Summary of univariate Kaplan-Meier analysis for PFS for the most significant CT and PET imaging parameters using the median value as the cut-off.




Table 3 | Summary of univariate Kaplan-Meier analysis for OS for the most significant CT and PET imaging parameters using the median value as the cut-off.




Conventional PET-CT Analysis

Larger 68Ga-DOTATATE tumor uptake area was a significant marker of shorter PFS (p=0.016, Table 2 and Figure 2) and OS (p=0.012, Table 3 and Figure 3). Lower PET SUVmax and SUVmean values demonstrated a trend towards shorter PFS and OS but did not reach statistical significance (PFS p=0.15 and p=0.17, respectively; and OS p=0.42 and p=0.33, respectively).




Figure 2 | Kaplan-Meier survival curves for significant CT texture analysis (CT-TA), PET texture analysis (PET-TA), and PET uptake parameters against progression-free survival. Panel (A) PET-TA Skewness (without filtration), corrected p= 0.03, Panel (B) PET-TA Entropy (without filtration), corrected p=0.01, Panel (C) CT-TA Kurtosis (coarse), corrected p= 0.05, Panel (D) 68Ga-DOTATATE tumor uptake area, corrected p= 0.02. Median threshold values for each parameter are shown on the individual graphs.






Figure 3 | Kaplan-Meier survival curves for significant CT and PET texture parameters (CT-TA and PET-TA) against overall survival. Panel (A) PET-TA Skewness (without filtration), corrected p=0.02, Panel (B) PET-TA Entropy (without filtration), corrected p=0.01, Panel (C) CT-TA Kurtosis (coarse), corrected p=0.05, Panel (D) 68Ga-DOTATATE tumor uptake area, corrected p= 0.03. Median threshold values for each parameter are shown on the individual graphs.





CT and PET Texture Analysis (CT-TA and PET-TA)

Among the different CT-TA parameters, higher kurtosis at coarse-texture scale (SSF=6 mm) was a significant marker of shorter PFS and OS [PFS p=0.049 (Table 2) and OS p=0.022 (Table 3)]. From among the different PET-TA parameters, higher entropy without filtration and lower skewness without filtration were significant markers of shorter PFS [entropy p=0.0088, skewness p=0.026 (Table 2 and Figure 2)] and OS [entropy p=0.0058, skewness p=0.0073 (Table 3 and Figure 3)].



Clinical Parameters

Of the different NET subtypes, patients with thyroid primaries had the worst survival with a mean OS of 6 months [p=0.013 (Table 3)]. Presence of lung metastases also negatively affected PFS [p=0.026 (Table 2)]. Otherwise, distribution of metastatic disease and previous treatments did not appear to have a significant effect on outcome in our cohort.




Multivariate Cox Regression Analysis

When all of the significant predictors of PFS from the above univariate analysis (with Benjamini-Hochberg correction) were included in a multivariate Cox regression model, CT-TA kurtosis on coarse-texture scale (SSF 6) (HR=2.57, 95% CI=1.22–5.38, p=0.013) and presence of lung metastases (HR=2.97, 95% CI=1.37–6.46, p=0.006) independently predicted PFS. For OS, skewness on unfiltered PET-TA (HR=9.05, 95% CI=1.19–68.91, p=0.033) and having a thyroid primary (HR=6.21, 95% CI=1.92–20.12, p=0.002) were independent predictors on multivariate analysis.




Discussion

The behavior of metastatic NET is varied as shown here where OS ranged between 0 and 82 months. TNM staging doesn’t distinguish between patients with one or many metastases, requiring other risk stratification techniques. Our study did not demonstrate that patients with bone metastases, functioning pancreatic NETs, or chemotherapy pretreatment fare worse, as have other series (15, 16). In this study, only a thyroid primary or lung metastases predicted poor survival. These inconsistencies highlight the need for other prognostic biomarkers.

Histological evaluation of the mitotic count and the Ki67 proliferation index are used to estimate aggressiveness, and these factors are crucial to WHO NET grading (17). However, histologically and phenotypically, there can be considerable heterogeneity between different metastatic deposits in one patient and within each focus of tumor (18, 19). Tumor de-differentiation may occur between presentation and recurrence, resulting in a discrepancy between disease behavior and the original histological appearances. Imaging assessments are time-specific and can assess all visible metastases.

We demonstrate how radiomics-based CT texture analysis could be used to assess the heterogeneity of metastatic NET to assist prognostication. Kurtosis on coarse filtered images and skewness and entropy on PET-TA were significantly related to survival outcomes. There is increasing interest in imaging of heterogeneity and radiomics-based texture analysis (20–25). Most of these studies focus predominantly on the PET-TA in NET demonstrating prognostic potential or treatment-related changes, where in one study (20) entropy significantly predicted outcome. However, our analysis, including both CT-TA and PET-TA, could be considered more comprehensive. Among all texture features analyzed in this research, kurtosis and entropy best distinguished between good and poor prognostic groups. These appear to consistently predict outcome in other TA studies and have been described as the most global measures of heterogeneity (13).

68Ga-DOTATATE PET has superseded octreoscan in being able to predict prognosis in NET (26). In several studies, SUVmax and SUVmean have shown prognostic potential where higher values are associated with longer survival (2, 3). In this study, SUVmax and SUVmean showed only trends towards predicting survival outcomes. The reliability of these parameters is questionable. For example, marked intra and interpatient variabilities in SUV values have been seen in studies reviewing quantitative SUV analysis in similar patient cohorts to ours (27). In the studies where higher 68Ga-DOTATATE avidity has predicted improved survival, there are large differences in the threshold values for SUVmax used in the literature, highlighting the potential for variability of this biomarker. SUVmax is a poor representation of the uptake in the tumor as a three-dimensional structure. We have described a new term, 68Ga-DOTATATE uptake tumor area (measured in pixels), because “metabolic” in this setting is not accurate. Larger 68Ga-DOTATATE uptake tumor area was significantly associated with both poor PFS and OS in the univariate analysis where SUV measures were not. MTV (metabolic tumor volume) has been explored in a number of cancers, with promising prognostic ability (28). Perhaps, with more validation, 68Ga-DOTATATE uptake tumor area could be used in a similar way.

CT and PET-TA is a developing technology. The filtration-histogram-based CT and PET-TA employed in this study has undergone rigorous qualification processes, essential for validating any biomarker. Miles et al. have highlighted how texture features extracted from the filtration-histogram technique reflect different components of heterogeneity (object/feature size, number, density in relation to the background tissue) (29). Furthermore, the texture features extracted from this filtration-histogram technique have been investigated in several tumor types where increased heterogeneity has been associated with inferior prognosis (8, 10–13, 30). To better understand NET, we need to correlate the imaging findings with histological parameters. In lung cancer, a number of texture parameters have been found to be associated with histological markers of angiogenesis and hypoxia (31). In a tumor where high Ki67 indicates de-differentiation and worse outcomes, it is plausible that the proliferation index would correlate well with heterogeneity on imaging. Conversely, SSTR2 expression, which is generally increased in well-differentiated tumors (32), would be expected to be inversely associated with tumor heterogeneity. We will investigate these associations in a future analysis, as well as the relationship between the noradrenaline transporter (NAT), which is overexpressed in catecholamine-secreting NETs, and TA.


Limitations

It is important to acknowledge the significant drawbacks to retrospective research. There are several potential biases, including referral bias, selection bias, and information bias. We also acknowledge that the sample of patients is small, from a single center, and heterogenous including NETs with different biology and included patients who had been heavily pretreated. While this could be perceived to limit the interpretation of this study, in this preliminary, hypothesis-generating study, we chose to include all of these patients to reflect the variable NET population, allowing a practical review of TA. Moreover, due to the referral pathway of the majority of patients, we were unable to centrally review the histopathology and comment on Ki67 or grade of tumor in this cohort. We recognize that these parameters are prognostically important and plan to collect and analyze these data against TA in future prospective studies. Also, as the focus of this “theranostic” research study was to employ the radiomics analysis on the 68Ga-DOTATATE PET-CT scans as a prognostic marker in NET patients treated with 177Lu-DOTATATE, therefore only lesions that were avid on 68Ga-DOTATATE PET-CT were analyzed. In future studies we need to look at a range of lesions. Another limitation of the exploratory pilot study was to analyze only a single slice corresponding to the most avid part of the lesion. Single-slice analysis will potentially be time-efficient (within routine clinical practice) and potentially reduce operator variability (unless the segmentation is semi/fully automated) but may not entirely capture tumor heterogeneity information across the whole tumor volume, which will provide additional biological information potentially important in the clinical decision-making. Although previous studies, e.g., in PET/CT in lymphoma (33), have demonstrated the ability of single-slice texture analysis to provide prognostic information, we nevertheless believe that future studies should employ single-slice and volumetric analysis and compare both the approaches. In addition to the filtration-histogram-based texture analysis employed in this study, future work should evaluate a comprehensive radiomics analysis comprising of filtration-histogram, high-order statistics, and shape, along with their biological intuitiveness, inter- and intra-operator variability, and reproducibility assessment. Also, the use of a more sophisticated approach (e.g., cumulative assessment) for aggregating the individual lesion quantification rather than a simplistic approach (e.g., averaging) to get a patient-specific score needs to be evaluated in a future study. These are all essential for it to be used in clinical practice, so further prospective work is necessary in texture analysis on 68Ga-DOTATATE PET-CT in an independent, larger cohort including more clearly defined subclassifications of NETs and homogeneous treatment regime across several centers to validate our findings. If validated, radiomics-based TA in NET may have clinical value.




Conclusion

We have demonstrated in this preliminary study that PET-CT-TA shows promise in the stratification of patients, and important prognostic information can potentially be obtained from one baseline scan. As patient outcomes are very variable, identification of those with the worst prognosis is important; they could be spared futile treatment and resources saved. Patients with more heterogeneous tumors, suggesting a more aggressive phenotype, might be offered chemotherapy earlier or could be considered for dual modality treatment with PRRT and chemotherapy as in the Australian Gastro-intestinal Trials Group study, CONTROL NETS.
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Objective

To determine whether there is a correlation between texture features extracted from high-resolution T2-weighted imaging (HR-T2WI) or apparent diffusion coefficient (ADC) maps and the preoperative T stage (stages T1–2 versus T3–4) in rectal carcinomas.



Materials and Methods

One hundred and fifty four patients with rectal carcinomas who underwent preoperative HR-T2WI and diffusion-weighted imaging were enrolled. Patients were divided into training (n = 89) and validation (n = 65) cohorts. 3D Slicer was used to segment the entire volume of interest for whole tumors based on HR-T2WI and ADC maps. The least absolute shrinkage and selection operator (LASSO) was performed to select feature. The significantly difference was tested by the independent sample t-test and Mann-Whitney U test. The support vector machine (SVM) model was used to develop classification models. The correlation between features and T stage was assessed by Spearman’s correlation analysis. Multivariate logistic regression analysis was performed to identify independent predictors of tumor invasion. The performance of classifiers was evaluated by the receiver operating characteristic (ROC) curves.



Results

The wavelet HHH NGTDM strength (RS = -0.364, P < 0.001) from HR-T2WI was an independent predictor of stage T3–4 tumors. The shape maximum 2D diameter column (RS = 0.431, P < 0.001), log σ = 5.0 mm 3D first-order maximum (RS = 0.276, P = 0.009), and log σ = 5.0 mm 3D first-order interquartile range (RS = -0.229, P = 0.032) from ADC maps were independent predictors. In training cohorts, the classification models from HR-T2WI, ADC maps and the combination of two achieved the area under the ROC curves (AUCs) of 0.877, 0.902 and 0.941, with the accuracy of 79.78%, 89.86% and 89.89%, respectively. In validation cohorts, the three models achieved AUCs of 0.845, 0.881 and 0.910, with the accuracy of 78.46%, 83.08% and 87.69%, respectively.



Conclusions

Texture analysis based on ADC maps shows more potential than HR-T2WI in identifying preoperative T stage in rectal carcinomas. The combined application of HR-T2WI and ADC maps may help to improve the accuracy of preoperative diagnosis of rectal cancer invasion.





Keywords: magnetic resonance imaging, rectal cancer, apparent diffusion coefficient, texture analysis, T stage



Introduction

Colorectal cancer is the second most common cancer in females and the third most common cancer in males in the United States, and 30–35% of colorectal cancers occur in the rectum (1, 2). In recent years, the incidence and mortality of rectal cancer have gradually increased, showing the imbalance both in age and region, and because of the occult onset of early rectal cancer, most patients are already in the locally advanced stage at the first diagnosis (3, 4).

Surgical resection has been considered the standard treatment for patients with early rectal cancer (stages T1–2), while locally advanced stage (stages T3–4) requires total mesorectal excision (TME) after neoadjuvant chemoradiotherapy (NCRT) (5). Thus, the precise preoperative stage of rectal cancer is vitally important. However, there are challenges in diagnosing whether the stage is T2 or T3, because the perirectal desmoplastic fibrotic response is similar with tumor penetration through the muscular rectal wall, which blurs the tumor borders (6). As the gold standard for disease diagnosis, the pathological result is usually obtained after surgery and cannot be used as a routine method to guide clinical diagnosis and treatment (7). Therefore, a comprehensive noninvasive method is desired to make the preoperative risk stratification available and dependable.

As a routine examination of rectal cancer, magnetic resonance imaging (MRI) has been widely accepted as the main examination method for preoperative diagnosis of rectal cancer, selection of treatment methods, and postoperative efficacy evaluation (8–10). High-resolution T2-weighted imaging (HR-T2WI) is currently a routine sequence for MRIs to check the degree of rectal tumor invasion (11, 12). Neoplasms show a slightly higher signal than normal rectal tissue on T2WI images. Previous studies have suggested that HR-T2WI, which allows higher spatial or temporal resolution acquisitions and consequently has better signal-to-noise ratio, has better accuracy in distinguishing tumors from normal rectal tissues and diagnosing preoperative T stages of rectal cancers (13, 14).

Apparent diffusion coefficient (ADC) maps were calculated from diffusion-weighted imaging (DWI), which obtained image contrast based on differences in the mobility of water protons between tissues with two different b values. ADC values have been approved to be accurate in the discrimination of benign and malignant lesions and tumor assessment (15), and a lower value shows the denser cell structure of the corresponding area. A recent study showed that this quantitative index may reflect the invasion of tumor tissue into normal tissue in patients with rectal cancers (16).

Texture analysis, one of the “radiomics” aspects, is a tool for high-throughput extraction and analysis of quantitative features obtained from medical images, including computed tomography, MRI, or positron emission tomography (17, 18). This technique facilitates the prediction of tumor stage and aggressiveness, which provides a more objective method to support individual treatment options (19). As a radiology signature, the potential benefit of texture analysis has been highlighted in many studies involving clinical diagnosis, therapy selection, treatment response assessment, and so on (20–23).

However, to the best of our knowledge, the number of studies on the texture analysis of rectal ADC maps is small. Meanwhile, in most of the past studies, ROI delineations were mostly carried out on the slice images that showed the largest tumor dimension (6, 24). This study was to extract texture features from the whole tumor volume based on HR-T2WI images and ADC maps, and evaluate the performance of classification models established by three-dimensional (3D) features in predicting the preoperative T stage (stages T1-2 versus T3-4) in rectal carcinomas.



Materials and Methods

This study was approved by the Ethics Review Board of Shengjing Hospital of China Medical University (2020PS011K). Requirements for written informed consent were waived because of the retrospective nature of the study. The flow chart of this research is shown in Figure 1.




Figure 1 | The flow chart of this research. VOI, volume of interest.




Patient Cohort

Between April 2014 and December 2019, the records of 538 patients who underwent rectal MRI were reviewed using the picture archiving and communication system. A total of 283 patients were initially selected using the following inclusion criteria: 1) patients who underwent preoperative rectal HR-T2WI and DWI examinations, and 2) who underwent radical rectal cancer surgery within 1 month after MRI, 3) patients with postoperative pathology involving confirmed rectal carcinomas. One hundred and twenty-nine patients were excluded for the following reasons: 1) incomplete medical records (such as a lack of T staging information) (n = 41), 2) obvious artifacts in the images (n = 9), 3) patients with mucinous carcinoma (such patients having low cell density and high ADC values that may cause larger deviations in the results) (n = 30), and 4) patients who received NCRT before MRI examinations (n = 49). Finally, 154 patients were enrolled in this study. These patients were divided in a training cohort (n = 89; 60 males, 29 females; mean age, 61.5 ± 11.2 years; range, 26–85 years) and a validation cohort (n = 65; 44 males, 21 females; mean age 61.2 ± 11.3; range, 27–82) by different MRI scanners. In each cohort, the patients were divided into a low T stage (stages T1–2) group and a high T stage (stages T3–4) group according to pathological results.



MRI Image Acquisition

The patients lay on the scanning bed in a supine position without bowel preparation or intravenous injection of antispasmodics. An axial HR-T2WI sequence and axial DWI sequence were conducted during the MRI examination, using an eight-channel phased array surface coil. Eighty-nine patients were examined with a 3.0 Tesla (T) MRI scanner (Ingenia 3.0; Philips Medical System, Best, The Netherlands). The acquisition parameters were as follows: repetition time/echo time, 6,000/76 ms; flip angle, 90°; matrix size, 576 × 576; field of view, 450 mm; slices, 48; slice thickness, 5 mm; spacing between slices, 1 mm; b values, 0 and 600 s/mm2. Sixty-five patients were imaged with another 3.0T MRI scanner (Signa HDxt, GE Healthcare). The acquisition parameters were as follows: repetition time/echo time, 6540/130 ms; flip angle, 90°; matrix size, 320 × 320; field of view, 360 mm; slices, 45; slice thickness, 5 mm; spacing between slices, 1 mm; b values, 0 and 600 s/mm2.



ADC Map Acquisition

ADC maps were obtained with MATLAB R2018b (Mathworks, Natick, MA, USA) based on DWI images and calculated using the formula:

	

where SI0 and SI1 represent the signal intensity of the pixel when the b value is 0 and 600 s/mm2, respectively.



Lesion Segmentation

For each patient, two radiologists with more than 10 years of experience in rectal MRI took part in determining the tumor area using HR-T2WI with the DWI images as references. They individually and manually segmented the entire volume of interest (VOI) on HR-T2WI images, slice by slice, using 3D Slicer (version 4.10.2, www.slicer.org). Both of the two radiologists were blinded to the pathological results. Obvious lumen content areas, necrosis, and gas were excluded from subsequent analysis. The delineated VOIs based on the HR-T2WI images were exactly copied to the same location of ADC maps.



Texture Extraction and Selection

The VOIs were first reconstructed into 3D labels and the reconstructed labels were placed on HR-T2WI and ADC maps to calculate features, and both of the two images were smoothed by the 8 mm Laplacian of Gaussian filter (25). A plug-in from 3D Slicer, Pyradiomics, was used for feature extraction. The extracted features were classified into the following categories: 1) shape-based features, 2) first-order statistics, 3) gray level dependence matrix (GLDM) features, 4) gray level co-occurrence matrix (GLCM) features, 5) gray level run length matrix features (GLRLM), 6) gray level size zone matrix (GLSZM) features, and 7) neighborhood gray-tone difference matrix (NGTDM) features. Features other than shape-based features were extracted from wavelet, Laplacian of Gaussian (Log), and original images. For wavelet transforms, each image was transformed in the x, y, and z directions using a low band pass filter or a high band pass filter. For Log transforms, the sigma (σ) values were 2.0, 3.0, 4.0, and 5.0 mm, respectively. As a result, for each patient, 1226 features were derived from HR-T2WI and ADC maps.

The above features were screened using MATLAB R2018b. First, highly correlated features were removed with coefficients greater than 0.95 using Pearson’s correlation analysis. Then, the least absolute shrinkage and selection operator (LASSO) was used to reduce the dimensionality of the remaining features with 10-fold cross-validation to avoid the overfitting. Finally, the optimal subsets of features selected by LASSO with 10 fold cross validation were statistically tested to select significant features.



Statistical Analysis

All statistical analyses were performed using SPSS statistical software for Windows (IBM, Armonk, NY, USA), and P < 0.05 was considered statistically significant. The chi-square test was performed on categorical variables between different T stage groups. The Kolmogorov-Smirnov test was first used to check whether quantitative variables satisfied a normal distribution. If it satisfied a normal distribution, the independent sample t-test was performed between low and high T stage groups. Otherwise, the Mann-Whitney U test was performed. A support vector machine (SVM) method with 10 fold cross validation was used to establish a classification model based on the statistically significant texture features. Spearman’s correlation analysis was conducted to assess the correlation between features and tumor T stage. Multivariate logistic regression analysis was also used to evaluate whether the statistically significant features were independent predictors of T3–4 rectal tumors. The performance of classification models in predicting the different T stages of rectal tumors was evaluated using receiver operating characteristic curve analyses by Medcalc (version 14.10.20, www.medcalc.org) by measuring the area under the ROC curve (AUC). In addition, the corresponding sensitivity and specificity were also determined.

The intraclass correlation coefficients (ICCs) were calculated to evaluate the interobserver variability between two radiologists delineating the VOIs and extracting features (0–0.4, poor agreement; 0.41–0.6, moderate agreement; 0.61–0.8, good agreement; and 0.81–0.9, excellent agreement).




Results


Clinical Characteristics Analysis

A case was randomly selected to display the results of the VOI segmentation, as shown in Figure 2. The clinical and pathological characteristics of the cases selected in this study are shown in Table 1. There was no significant difference between low and high T stage groups in the terms of age (P = 0.589), sex (P = 0.980), and location of the lesion (P = 0.083). Lymph node invasion showed a significant difference between the two groups (P = 0.008).




Figure 2 | Results of the delineation of the VOI. (A, C) High-resolution T2-weighted imaging and apparent diffusion coefficient maps at the same slice level, respectively. (B, D) The result of lesion segmentation. The green marked part is the delineated lesion. (E) The three-dimensional label of the whole tumor.




Table 1 | Clinical and pathological characteristics of the cases selected for analysis.





Interobserver Agreement Evaluation

Features derived from the VOIs segmented separately by two radiologists showed excellent agreement, and the ICCs ranged from 0.837 to 0.945.



Features Extracted From HR-T2WI

Twenty features were selected from all the texture features extracted from HR-T2WI images by LASSO method. Five significant features were obtained by statistical analysis, as shown in Table 2. Shape flatness (P = 0.020), wavelet HHH NGTDM strength (P < 0.001), Log σ = 4.0mm 3D firstorder minimum (P = 0.041), Log σ = 3.0mm 3D GLSZM large area high gray level emphasis (P = 0.018) and Log σ = 5.0mm 3D firstorder interquartile range (P = 0.019) showed the significant difference in the discrimination of preoperative T stage, and achieved AUCs of 0.659, 0.713, 0.640, 0.643 and 0.646, respectively, whereas the other features were not significantly different. The distribution of those features is shown in Figure 3. The results of multivariate logistic regression analysis showed that the wavelet HHH NGTDM strength was an independent predictor of stage T3-4 rectal tumors, and it showed the highest correlation (RS = -0.364, P < 0.001) with the preoperative T stage of rectal cancer among the significant features.


Table 2 | Significant features between stage T1–2 and T3–4 tumors derived from HR-T2WI.






Figure 3 | The distribution of significant features derived from HR-T2WI. The symbol (“*”) represents the extreme outlier.





Features Extracted From ADC Maps

Twenty-three features were selected from all the texture features extracted from ADC maps by LASSO method. Ten significant features were obtained by statistical analysis, as shown in Table 3. Shape sphericity (P = 0.027), shape maximum 2DDiameter Column (P < 0.001), NGTDM Strength (P = 0.018), wavelet HLH first order energy (P = 0.049), wavelet LLL first order range (P = 0.024), Log σ = 2.0 mm 3D NGTDM contrast (P = 0.003), Log σ = 4.0 mm 3D firstorder skewness (P = 0.024), Log σ = 5.0 mm 3D first order maximum (P = 0.009), Log σ = 5.0 mm 3D first order kurtosis (P = 0.011) and Log σ = 5.0 mm 3D first order interquartile range (P = 0.032) showed the significant difference in the discrimination of preoperative T stage, and achieved AUCs of 0.641, 0.752, 0.647, 0.623, 0.614, 0.683, 0.598, 0.659, 0.659 and 0.634, respectively, whereas other features did not present significant difference. The results of multivariate logistic regression analysis showed that the shape maximum two-dimensional (2D) diameter column, Log σ = 5.0 mm 3D first-order maximum and Log σ = 5.0 mm 3D first-order interquartile range were independent predictors of stage T3–4 tumors. The shape maximum 2D diameter column showed the highest correlation with the preoperative T stage (RS = 0.431, P < 0.001). The distribution of significant features from ADC maps is shown in Figure 4.


Table 3 | Significant features between stage T1–2 and T3–4 tumors derived from ADC maps.






Figure 4 | The distribution of significant features derived from ADC maps. The symbol (“*”) represents the extreme outlier.





Performance of Classification Models

The performance of classification models for identifying preoperative rectal cancer T stage was shown in Table 4. In training cohorts, the model from HR-T2WI achieved an AUC of 0.877 [95% confidence interval (CI), 0.791-0.937] with a sensitivity of 86.54%, a specificity of 78.38%, and an accuracy of 79.78%. The model from ADC maps achieved an AUC of 0.902 (95% CI, 0.820-0.955) with a sensitivity of 81.08%, a specificity of 92.31%, and an accuracy of 89.86%. The combination model from HR-T2WI and ADC maps achieved an AUC of 0.941 (95% CI, 0.870-0.980) with a sensitivity of 89.19%, a specificity of 94.23%, and an accuracy of 89.89%. In validation cohorts, the model from HR-T2WI achieved an AUC of 0.845 (95% CI, 0.734-0.923) with a sensitivity of 76.67%, a specificity of 85.71%, and an accuracy of 78.46%. The model from ADC maps achieved an AUC of 0.881 (95% CI, 0.777-0.948) with a sensitivity of 83.33%, a specificity of 88.57%, and an accuracy of 83.08%. The combination model from HR-T2WI and ADC maps achieved an AUC of 0.910 (95% CI, 0.812-0.966) with a sensitivity of 90.00%, a specificity of 88.57%, and an accuracy of 87.69%. The ROC curves of LASSO_SVM models established by features extracted from HR-T2WI and ADC maps are shown in Figure 5.


Table 4 | Performance of classification models for identifying preoperative T stage of rectal cancer.






Figure 5 | ROC curves based on HR-T2WI and ADC maps for predicting preoperative T1-2 and T3-4 stage of rectal cancer. (A) The ROC curves of the training cohorts of T stage, and (B) the ROC curves of the validation cohorts of T stage.






Discussion

In the present study, 3D VOI texture analysis was applied to rectal HR-T2WI and ADC maps, and the correlations between the whole tumor volume features and T stage were investigated. The results showed that texture features played a potential role in predicting the preoperative T stage of rectal carcinomas.

Preoperative staging are essential for treatment choices and prognosis evaluations of patients with rectal cancers. Especially for locally advanced patients, NCRT is required before accepting TME to ensure smooth progress of the operation and a better treatment response (5). In fact, the differential diagnosis of stages T2 and T3 is still difficult due to the perirectal desmoplastic fibrotic response (6). Texture analysis can describe the relationship between the gray level intensity of pixels and quantify the heterogeneity in images (18, 26, 27). And MRI-derived texture parameters have been proposed as tools for accurate diagnosis, preoperative risk stratification, or assessment of treatment response in several cancer types, including tumors in the brain, breast, prostate, and uterus (28–31). As reported in previous studies, high-resolution MRI has higher soft tissue resolution and can help in the diagnosis and stage-oriented treatment decisions (32–36). He et al. (25) suggested that MRI-based radiomic signatures showed acceptable performance for tumor grading of rectal carcinomas. Sun et al. (34) verified the feasibility of using radiomic features from T2WI images to identify the T staging of rectal cancer. Meanwhile, texture analysis of ADC maps was proven to have potential in cancer diagnosis, such as breast carcinoma (37), Cervical Carcinoma (38), Renal Carcinoma (39), gliomas (40). A study from Liu et al. (6) indicated that texture analysis on the features from the single slice of ADC map that showed the largest tumor dimension could provide valuable information in identifying locally advanced rectal cancer. However, few studies have focused on the 3D features extracted from whole volume lesion from HR-T2WI and ADC maps to distinguish the preoperative T stage of rectal cancers. Our study conducted the volume texture analysis based on HR-T2WI or ADC maps.

In this study, a total of 1226 texture features were calculated from preoperative HR-T2WI and ADC maps. These features were selected by LASSO to obtain optimum feature subsets, and statistical analysis was carried out to further reduce feature dimensionality. The classification models were established using the SVM method, which has been proven to have better performance and widely used in previous texture analysis reports (41). In training cohorts, the accuracy of the LASSO_SVM models based on HR-T2WI and ADC maps was 79.78% and 89.86% in predicting T stage of rectal cancers. The corresponding AUC values were 0.877 and 0.902, respectively. In validation cohorts, the accuracy of the LASSO_SVM models based on HR-T2WI and ADC maps was 78.46% and 83.08% in predicting T stage of rectal cancers. The corresponding AUC values were 0.845 and 0.881, respectively. The results demonstrated that pretreatment HR-T2WI and ADC maps had high potential application in identifying the preoperative T stage of rectal cancers, which is consistent with the results of Sun et al. (6, 34, 42). Meanwhile, the performance of the 3D features from ADC maps showed better than that of features from HR-T2WI. In the training cohort, the accuracy of the joint model of HR-T2WI and ADC maps was 89.89% with AUC of 0.941. In the validation cohort, the accuracy of the joint model was 87.69% with AUC of 0.910. It could be concluded that the combination model of HR-T2WI and ADC maps presented better performance than that using each of them alone. Cui et al. (43) established a radiomics predictive model based on pre-treatment multiparameter features from pre-CRT T2-weighted (T2-w), contrast-enhanced T1-weighted (cT1-w) and ADC maps and clinical features to predict a pathological complete response (pCR) in patients with locally advanced rectal cancer. They pointed that 3D features from ADC maps showed better performance than T2-w and cT1-w, and the radiomics signatures from joint T2-w, ADC and cT1-w images achieved better predictive efficacy than those from any of them alone. Their opinion was similar to ours.

There are controversies regarding the use of ADC values in predicting preoperative rectal T stages (6, 16, 44). In the present study, ADC quantification calculated from original images was not statistically significant between different T stages, which is consistent with the results of Liu et al. (6). However, the maximum of ADC value was statistically significant when a Log transform of σ = 5.0 mm was used. It may be because the conventional measurement of the ADC is only a mean value of signal intensity, and the heterogeneous intensity may be weakened due to the mutual influence of signals between various tissues. Compared with routine ADC measurements, texture analysis on ADC maps may therefore better predict local invasion of rectal cancers.

He et al. (25) indicated that not all categories of radiomics features contributed equally in the grading of rectal cancer. The transformed first-order features showed more significance than higher order features, and could diagnose and predict the grading of rectal carcinoma relatively, steadily and accurately (25). This point was similar to that of our study. After the original image was transformed by wavelet and Log, the parameters related to the lesion in the original image may be emphasized. Therefore, the transformed features may have better abilities to identify lesions than the original features, and were retained after screening. Cui et al. (45) develop a T2-weighted image-based radiomics signature for the individual prediction of KRAS mutation status in patients with rectal cancer. Most of the obtained features were from the images filtered by wavelet or log, and many of them appeared to be shape and first order with fewer higher order features. That point was similar to ours.

In addition, interobserver variability in feature calculations between two radiologists was evaluated. The values of ICCs ranging from 0.837 to 0.945, showed excellent agreement. The interobserver variability mainly occurred in delineating the lesion region slice by slice. Thus, it is important to reach a consensus between two radiologists in determining the tumor areas on HR-T2WI and ADC maps.

This study had some limitations. First, texture analysis was usually based on a large number of samples. Therefore, there may be potential biases because of the small sample in this study. Second, stage T2 and T3 accounted for a larger proportion among the enrolled cases, while stage T1 and T4 accounted for a smaller proportion. This study only focused on the differential diagnosis between early stage and local advanced stage, and divided patients into low (stages T1–2) and high (stages T3–4) T stage groups. More cases need to be collected, especially stage T1 and T4 tumors. Finally, whole tumor VOI delineation is a time-consuming operation. Two radiologists who were familiar with the operation of 3D Slicer spent an average of 15 minutes to outline and identify the whole lesion, which played a negative role in the progress and application of texture analysis.

In conclusion, texture features with LASSO_SVM models had good performance in predicting local invasion of rectal cancer. Texture analysis based on ADC maps was more potential than that based on HR-T2WI in identifying preoperative T stage in rectal carcinomas. The combined application of HR-T2WI and ADC maps could be used as an auxiliary diagnostic option for preoperative diagnosis of rectal cancer invasion.
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As a highly malignant tumor, the incidence and mortality of glioma are not optimistic. Predicting the survival time of patients with glioma by extracting the feature information from gliomas is beneficial for doctors to develop more targeted treatments. Magnetic resonance imaging (MRI) is a way to quickly and clearly capture the details of brain tissue. However, manually segmenting brain tumors from MRI will cost doctors a lot of energy, and doctors can only vaguely estimate the survival time of glioma patients, which are not conducive to the formulation of treatment plans. Therefore, automatically segmenting brain tumors and accurately predicting survival time has important significance. In this article, we first propose the NLSE-VNet model, which integrates the Non-Local module and the Squeeze-and-Excitation module into V-Net to segment three brain tumor sub-regions in multimodal MRI. Then extract the intensity, texture, wavelet, shape and other radiological features from the tumor area, and use the CNN network to extract the deep features. The factor analysis method is used to reduce the dimensionality of features, and finally the dimensionality-reduced features and clinical features such as age and tumor grade are combined into the random forest regression model to predict survival. We evaluate the effect on the BraTS 2019 and BraTS 2020 datasets. The average Dice of brain tumor segmentation tasks up to 79% and the average RMSE of the survival predictive task is as low as 311.5. The results indicate that the method in this paper has great advantages in segmentation and survival prediction of gliomas.
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Introduction

Gliomas are the most common primary malignant brain tumors (1). The incidence of primary intracranial tumors is 23 per 10 million, and gliomas account for about 60% (2). According to the degree of malignancy, the World Health Organization divides gliomas into low-grade gliomas (LGG) and high-grade gliomas (HGG). Different grades of gliomas have different levels of invasion and variable prognosis, which seriously threatens human health. The best treatment is complete surgical resection, however, due to the unresectable nature of normal brain tissue and the widespread infiltration of malignant tumors into the brain, complete resection surgery is extremely difficult (3). Therefore, early detection of tumors and targeted treatment play a vital role in prolonging the survival time of patients.

Magnetic resonance imaging (MRI) is one of the most common methods to obtain brain tumor images, it usually has multiple modes, namely fluid attenuation inversion recovery (Flair), T1 weighted (T1), T1 weighted contrast enhancement (T1-CE) and T2 weighted (T2) (4). Medical image analysis usually needs to segment the tumor first, but the manual segmentation method often depends on the doctor’s experience, knowledge and emotions, and the efficiency is low. Moreover, doctors can only observe image slices in a fixed manner, and cannot directly extract feature information in the segmentation results to quantify the diagnosis results, which makes the diagnosis have subjective experience. The development of machine learning and deep learning can change this situation. Through image processing technology, the computer can accurately and quantitatively analyze the tumor area, and make efficient and accurate survival prediction for patients with brain tumors, so as to formulate personalized diagnosis and treatment plans for patients.

Up to now, the overall survival prediction of glioma patients with multimodal MRI has received widespread attention (5). It is observed that most survival prediction models proposed in the literature are based on radiomics (6). Although radiological features extracted from images can be used to predict tumor grade or molecular biomarkers (7, 8), it is difficult to accurately predict survival time without considering other factors such as age. In this article, we propose an automatic prediction method by combining radioactive features, deep features and clinical features to provide accurate survival predictions for patients with glioma. The major contributions of our work are four folds that can be summarized as follows:

	We improved the V-Net and proposed NLSE-VNet to segment brain tumors. The innovation of the NLSE-VNet model lies in porting the Non-Local (NL) module and Squeeze-and-Excitation (SE) module to the V-Net network structure. These attention models can enhance feature extraction capabilities. We have designed multiple ablation experiments to prove that NLSE-VNet can greatly improve the accuracy of brain tumor segmentation.

	We extracted various types of radiological features such as intensity, texture, wavelet, etc., and designed a CNN network to extract deep features. After cross-validation and a large number of comparative experiments, it is proved that when radiological features, deep features and clinical features are combined, the effect of predicting survival is the best.

	We perform three-dimensional reconstruction of the segmentation results to provide clinicians with a visual display. At the same time, in order to improve the interpretability of feature dimensionality reduction, we draw feature heat maps to show how the model finds meaningful features, which provides a reliable basis for the clinical application of survival prediction.



The remainder of this paper is organized as follows. The second section describes the previous research on MRI segmentation and survival prediction of glioma. The third part introduces the method proposed in this paper in detail, including data preprocessing, model description and parameter setting. Dataset and Experiments introduces the data set, evaluation indicators and experimental configuration. Then, in Experimental Results, the experimental results are presented and discussed and analyzed. Finally, conclusions are drawn in Conclusion.



Related Works


Brain Tumor Segmentation

The segmentation of the tumor area is a prerequisite for prediction. At present, brain tumor segmentation has received extensive attention and in-depth research, and various excellent models have been proposed for segmenting brain tumors. Zhou et al. improved the model cascade strategy and proposed a single multi-task network (OM-Net) (9), which can solve the problem of category imbalance. OM-Net integrates the separated segmentation tasks into a deep model, which is shared by Parameters to learn joint features and task-specific parameters to learn discriminative features. At the same time, they designed a CGA attention module that can adaptively recalibrate the characteristics of the channel direction. S. Pereira et al. designed a deep-level architecture based on a convolutional neural network using a small 3×3 kernel (1). The model has a positive effect on overfitting when the network weight is less. In the training process, the number of LGG classes is increased by rotating training patches and using HGG samples, and the number of training patches is artificially increased. Chen et al. established a model based on 3D convolutional neural network to segment brain tumors (10). The model obtains multi-scale context information by extracting the features of two scales of the receptive domain, and they use hierarchical segmentation to segment different lesion areas such as necrotic and non-enhanced tumors, peritumoral edema, and enhanced tumors, using densely connected The convolution block further improves performance. Sun et al. proposed an anatomical attention-guided deep learning framework for segmenting brain tumors (11). It contains two sub-networks, one is the segmentation sub-network, and the other is the anatomical attention sub-network, so as to combine the anatomical structure information of the brain with The feature information in the segmentation process is combined to improve performance. Lachinov et al. proposed an automatic segmentation algorithm for brain tumors based on deep cascades (12). Their team modified the 3D U-Net architecture and designed 4 down-sampling paths to extract the features of the four modalities of brain tumors. The model can effectively process input images on multiple scales at the same time and extract features of specific scales.



Overall Survival Prediction

Overall survival prediction of cancer patients has also been a hot research topic in recent years. Sun et al. extracted 4,524 radiomic features from the segmented area of the tumor, then used decision trees and cross-validation to select effective features, and finally trained a random forest model to predict the survival of patients (13). Shboul et al. extracted about 31,000 features from the tumor area, representing texture, volume, area, and Euler features. Then they performed recursive feature selection on Euler features separately, and finally used XGBoost to predict survival (14). Baid et al. calculated the first-order statistics, shape features, gray-level co-occurrence matrix and gray-level run length matrix for a total of 679 features (15). The radiation group variables with Spearman correlation coefficients of 0.95 and above that are nearly completely correlated were excluded, and the features were reduced to 56 dimensions, using multilayer perceptrons to train the neural network to predict the number of survival days. Kim et al. extracted a total of 6472 radiological features from multi-mode MR images, applied the Least Absolute Shrinkage and Selection Operator (LASSO) to the training data set to select significant non-zero coefficient radiation features, and constructed a radiation group using a generalized linear model to predict the survival period with a scientific model (16). Weninger et al. used the volume characteristics of all regions of interest, the distance from the brain to the center of mass of the tumor, and input the age into the linear regression model when predicting survival (17). They found that using only the “age” feature to train the regression model achieved higher accuracy on the test set. Banerjee et al. extracted two types of radiological features, namely “semantic” and “agnostic” (18). The former includes attributes such as size, shape, and location, while the latter uses histograms, textures, and other quantitative descriptions to capture the heterogeneity of lesions. A total of 83 features were extracted as the input of the multi-layer perceptron to predict the number of survival days. Wang et al. used internal radiomics analysis software to extract 43 unique quantitative features in 4 categories, selected features with high r values in related tests, used support vector regression SVR to predict OS, and used leave-one-out cross-validation (LOOCV) (19).



Our Work

Although computer technology has made significant progress in the field of brain tumor segmentation and survival prediction, there are still some challenges that prevent this fully automated technology from being well applied in clinical practice. First, the size, location, and shape of brain tumors vary from patient to patient (20). Secondly, the lesion area in MRI is very small in most cases, which leads to the voxel imbalance between the lesion area and the background area (10). The above challenges all increase the difficulty of segmentation. Finally, the information obtained from other data sources, such as genes and age, is usually not used when extracting radiomic features, which further limits the ability to distinguish predictions (21). Our goal is to innovate existing methods to improve the accuracy of segmentation and prediction on the basis of predecessors.

In this article, we first propose a brain tumor segmentation model NLSE-VNet, which is an improvement on the V-Net network structure. We transplant the Squeeze-and-Excitation (SE) module to the front of each down/up sampling layer of V-Net (22). It can clarify the interdependence between channels, and at the same time, the Non-Local (NL) modules are transplanted after the last encoder block in the network to capture long-term dependencies (23). The comparative experiment proves the validity of the model. Secondly, we use the Pyradiomics toolkit to extract radiological features such as intensity, texture, and filtering from the original and derived images, and designed a CNN network to extract deep features. Since most of the extracted features are redundant, we consider reducing the dimensionality of the features. After several experiments, the factor analysis method (FA) was used to reduce the feature dimension. Finally, a random forest model was constructed to predict the survival time by using the features, age, and tumor grade after dimensionality reduction. We have implemented a fully automatic method from brain tumor segmentation to survival prediction. The experimental results show that our proposed method has great potential in clinical application.




Methods

The task of this article is to automatically segment brain tumors and predict the survival time of glioma patients. All the workflow of this project is shown in Figure 1, which is divided into five parts: brain tumor segmentation, feature extraction, feature dimensionality reduction, radiology model selection and model evaluation.




Figure 1 | Flow chart of brain tumor segmentation and overall survival prediction.




Glioma Segmentation Model

The basic idea of the NLSE-VNet model is to achieve feature information extraction of images of different resolutions through alternating convolutional layers and down-sampling layers, and then use the features extracted by the up-sampling layer joint encoder to gradually achieve resolution restoration. The SE module is placed in front of the down-sampling layer and the up-sampling layer, and the NL module is placed behind the last down-sampling layer. These attention modules bring a significant improvement in segmentation accuracy while slightly increasing the computational cost. Its network structure is shown as in Figure 2. We will introduce from four aspects: preprocessing process, network structure, loss function and model training.




Figure 2 | Schematic diagram of the NLSE-VNet for the glioma segmentation.




Data Preprocessing and Data Augmentation

In addition, we use the Z-score method to standardize the images of the four modalities, and then merge the standardized images as input to the model. Z-score is the image minus the mean divided by the standard deviation; its mathematical formula is as follows:

 

where Z represents the normalized image, X represents the original image,   represents the pixel average, and s represents the pixel standard deviation. Figure 3 shows the comparison images before and after preprocessing. The first four columns are the comparison before and after the pre-processing of the four modes, Flair, T1, T1-CE, and T2, respectively, and the last column is the comparison after combining the four modes. It can be seen from Figure 3 that after preprocessing, the contrast of the tumor part is significantly enhanced compared to normal tissue, which facilitates image segmentation.




Figure 3 | Comparison of MRI before and after pretreatment. The first line is the original image, the second line is the preprocessed image. The first four columns are the images of the four modalities Flair, T1, T1-CE, and T2, and the last column is the merged image.



The data enhancement method we use is patch. Combine the preprocessed MRI of the four modalities to generate a three-dimensional image with four channels, and then divide the original image and the mask into multiple blocks. One case will generate 175 pictures with a size of 128×128×64×4. This makes it possible to process only one patch instead of the entire image, thereby better detecting edge features.



Network Architecture

On the basis of the VNet network, we introduced the Squeeze-and-Excitation (SE) module and the Non-Local (NL) module. The 3D SE module uses feature recalibration to explicitly model the interdependence between feature channels, that is, the importance of each feature channel is automatically obtained through learning. The specific process of the SE block module is as follows, the input is  , where Z is the depth, H is the height, W is the width, and C is the number of channels. Then the input image will undergo a global average pooling, called squeeze operation, the formula is as (2):

 

The excitation operation is used to utilize the information aggregated in the squeeze operation, and the excitation part is composed of two fully connected layers. The first full connection compresses the C channel into a C/r channel to reduce the amount of calculation, and the second full connection returns to the C channel. r is the compression ratio. The calculation of the excitation part is shown in (3):

 

where δ represents the ReLU activation function,  . Finally, by re-calibrating X by activatings, the final output of the block can be obtained as (4):

 

where   and Fscale(xc, sc) refers to channel-wise multiplication. The structure of SE module is shown as in Figure 4.




Figure 4 | Structure of Squeeze-and-Excitation module (SE).



At the same time, in order to quickly capture remote dependencies and improve computational efficiency, we have also introduced a 3D Non-Local module, which is integrated after the model downsampling stage. Its structure is shown in Figure 5.




Figure 5 | Structure of Non-Local module (NL).



First of all, the network input X = (Z, H, W, 320), after the weight matrix Wθ, Wϕ transform respectively, use the 1×1×1 size convolution kernel to perform convolution operation to reduce the number of channels. Then reshape the two outputs to ZHW×160, then perform matrix multiplication and perform softmax processing. At the same time, the weight matrix Wg is performed on X again, and the convolution operation of 1×1×1 is used. Perform a matrix multiplication of this result with the output result of softmax in the previous step. Finally, the output channel is restored through a 1×1×1 convolution operation to ensure that the input and output sizes are exactly the same.



Loss Function

Considering that the tumor area we want to segment only occupies a small part of the entire scanning area, and the proportion of foreground and background area is extremely unbalanced, we choose Categorical Dice as the loss function of the model to prevent the prediction from being strongly biased towards the background area that we are not interested in. The Categorical Dice is an improvement based on the Generalized Dice loss function (GDL) proposed by Sudre C.H. et al. (24). The generalized dice loss function has been proved to be able to effectively solve the problem of brain tumor imbalance. Its calculation formula is:

 

The weight is defined as  . Where N represents all voxels, l represents the number of categories, p represents the predicted voxel, g represents the real voxel. And we assign the weights of different categories. We set the weight of the background area to 0.1, and the weight of the gangrene, edema and enhanced tumor area to 1.0, and the value of ω is [0.1, 1.0, 1.0, 1.0]. Through this weight distribution, the problem that the weight assigned to the background area tends to 0 when there are too many voxels is avoided. The calculation formula is shown in (6):

 



Model Training

The realization of the segmentation task is based on tensorflow 1.13.1. In addition, we used the Adam optimizer to train the model. The entire network was trained with a total of 500,000 steps and the training set was traversed 10 times. After each traversal of the training set, the order of the data will be randomly shuffled to enhance the robustness of training. The initial learning rate is set to 0.0001, which is reduced to half of the original learning rate after traversing the training set twice. Finally, Mean Dice is used as the evaluation index of training, and the loss value and accuracy index are output every ten steps to realize effective supervision of model training. At the same time, the parameter model is saved every 1000 steps.

The experimental environment is run on TensorFlow. The runtime platform processor is Intel (R) Xeon (R) Silver 4210 CPU @2.20GHz 2.20GHz 128GB RAM, Nvidia Titan RTX, 64-bit Windows10.The development software platform is PyCharm with Python 3.6.




Overall Survival Prediction

In the survival prediction task, we extract radiological features such as intensity, texture, and filtering, and then build a CNN network to extract deep features. This network can also be used to predict survival. Subsequently, factor analysis is used to reduce the dimensions of the above two types of features to remove redundant features. Finally, the dimensionality reduction features combined with clinical factors such as age and tumor grade are input into the random forest regression model for survival prediction. The entire flow chart is shown in Figure 6.




Figure 6 | Summary of prediction methods for the survival period of patients with brain tumors.




Radiological Feature Extraction

Based on the segmentation results, we use the Pyradiomics toolbox to extract the radiomic features of edema, non-enhanced verification, and necrosis/cystic nucleus areas. We mainly extract three types of features: intensity, texture, and wavelet, as shown in Figure 7. Pyradiomics is an open source Python software package that can extract the features of Radiomics from medical images (25).




Figure 7 | Schematic diagram of image feature extraction.



Then, we further subdivide the extracted radiological features into 7 categories. The first-order statistical features reflect the voxel intensity distribution in the image area defined by the mask. The shape is based on 3D shape features, including a series of tumor shape features, such as sphericity, circumference ratio, spindle length, and elongation. The Gray Level Co-occurrence Matrix (GLCM) defines information about correlation, energy, contrast, deficiency, variance, probability, entropy, sum of squares, etc. In addition, we extracted 16 features of the gray run length matrix (GLRLM), 16 features of the gray size band matrix (GLSZM), 14 features of the gray dependency matrix (GLDM) and neighbor gray tone difference Five features of the matrix (NGTDM). Table 1 shows the detailed information of feature categories.


Table 1 | Types and contents of extracted features.



We not only extract features from the original image, but also extract the same features from the image after wavelet decomposition. Wavelet decomposition can segment the image into multiple levels of detail components. In the end, we extracted a total of 2500 radiological features.

Deep learning has been used to predict the survival of patients with brain tumors. We tried to build a CNN network for the survival regression task, as shown in Figure 6. With the help of the segmentation result, we set the MR sequence to retain only part of the tumor information, and set other pixels to 0 as input. The CNN network consists of four convolutions with a step size of 2 and three fully connected layers. The last fully connected layers are directly used to predict survival time. The model can either extract deep features or directly use neural networks to predict survival days. In the end, we extracted 512 deep features. Since the CNN network can also learn the shape, texture of the brain tumor, these features are the same as part of the radiology features, we confirmed this in Overall Survival Prediction Results. So we believe that the deep features and radiological features should perform feature reduced together, which helps filter out repeat features.



Feature Dimensionality Reduction

Some of the features we extract are redundant or have nothing to do with survival prediction, which will increase the degree of model overfitting, here we use factor analysis to filter features. The core of factor analysis is to analyze a series of features and extract common factors to achieve the purpose of reducing feature dimensions. First, the feature is used as a factor, and the feature value of the factor is calculated. The factor with the eigenvalues greater than 1 can be used as the subsequent feature dimensionality reduction. Figure 8 shows the feature values of all the factors after sorting.




Figure 8 | Eigenvalue curve of factor.



Then we need to determine the dimensionality of the feature after dimensionality reduction, that is, recursively select within the range of factors whose feature value is greater than 1. Traverse the number of factors, reduce the feature to this dimension every two steps, enter the random forest model for training, and save the feature dimension with the smallest root mean square error. We draw a heat map of the process of feature dimensionality reduction, as shown in Figure 9. The abscissa represents the features before dimensionality reduction, and the ordinate represents the features after dimensionality reduction (Use numbers to represent feature names). It can be seen the degree of correlation between the original feature and the feature after dimensionality reduction.




Figure 9 | Heat map of feature dimensionality reduction.





Random Forest Model

After obtaining the effective feature set, we choose the random forest regression model to predict the survival period. Random forest algorithm is an ensemble technology that combines multiple decision trees, it usually has better generalization capabilities and not sensitive to multiple collinearity. Random Forest randomly selects k new self-service sample sets from the original training data set each time by applying the bootstrap method with replacement to construct k decision trees, and the unselected sample sets are used to estimate the generalization error of the model. Secondly, randomly extract m features at the node of each tree (m is less than the total number of features), and select the best split point to split by calculating the amount of information entropy in each feature. The calculation formula of information entropy is:

 

where Pi represents the probability of occurrence of the i-th situation. Finally, the generated trees are formed into a random forest, and the random forest is used to classify the new data. The classification result is determined by the number of votes of the tree classifier.

We use 1000 basic decision tree regressors. In order to ensure the robustness of model training, we will cross-validate the model 100 times and randomly divide the data into a training set and a test set each time. The training set data accounted for 0.9 of the total, and the test set data accounted for 0.1 of the total. We make sure to use different data combinations for training and testing every time. Finally, the average of 100 cross-validations is used as the final error loss.





Dataset and Experiments


Datasets

The dataset we use comes from the 2019 and 2020 Brain Tumor Segmentation Challenge. The data set contains two types of tumors, namely high-grade glioblastoma (HGG) and low-grade glioblastoma (LGG). The MRI of each sample in the tumor segmentation task data contains four modalities: fluid attenuation inversion recovery (FLAIR), T1 weighting (T1), T1-weighted contrast-enhanced (T1-CE), and T2 weighting (T2). The tumor sub-regions are edema, non-enhanced verification, necrosis/cystic nucleus and the entire tumor. We need to segment the enhancing tumor (ET), whole tumor (WT), and tumor core (TC) formed by nesting these sub-regions. The organizer provided 335 training samples and 125 validation samples without masks in BraTS 2019. In the survival prediction task, 209 samples containing age, tumor grade (HGG and LGG) and survival time defined in days are provided. Also in BraTS 2020, the training set and validation set sizes are 369 and 125, and 236 survival samples are provided. We divide the survival data into training set and test set by 9:1 respectively for cross-validation.



Evaluation Metrics

For the evaluation indicators of the segmentation model, we follow the 4 indicators used in the Brain Tumor Segmentation Challenge, namely Dice, Sensitivity, Specificity and Hausdorff distance. Dice is the overall evaluation standard, and its formula is defined as:

 

where FN, TP and FP represent the number of false negative, true positive and false positive voxels respectively. Sensitivity represents the sensitivity of the model to voxels of the segmented region, and is used to measure the accuracy of segmenting the target region and is defined as:

 

Specificity represents the ability of the model to correctly predict the background and is defined as:

 

where TN represents the number of true negative. In addition, Hausdorff95 is a measure of Hausdorff distance. It is more sensitive to the segmentation boundary. The smaller the value, the closer the prediction is to the true value.



where X is the volume of the mask, Y is the volume predicted by the model, and d(), represents the distance from X to Y.

In addition, for the survival prediction task, we choose MSE, MAE and RMSE as the evaluation indicators of the model. They are all used to measure the deviation between the predicted value and the true value. The calculation formula is as follows:

 

 

 

where i represents the patient, n represents the total number of patients, Xobs represents the true survival period of the patient, and Xpre represents the survival period predicted by the model.




Experimental Results


Segmentation Result

The brain tumor segmentation method proposed in the article is evaluated experimentally on the BraTS 2019, 2020 dataset. The data has a multi-modal imaging protocol: Flair, T1, T1-CE, T2. The mask is manually segmented by experts, including three nested sub-regions: enhanced tumor (ET), whole tumor (WT) and tumor core (TC) (5, 26). We train on the 3D volume of brain tumors, using dice coefficients, sensitivity, specificity and Hausdorff95 distance to evaluate the performance of the model. Table 2 shows the average performance of the model on the validation set, and it can be seen that the model has achieved good segmentation results.


Table 2 | Segmentation results of different models for BraTS 2019 and BraTS 2020.



At the same time, we conducted ablation experiments on BraTS 2020 dataset, removing the SE module, NL module and the V-Net model without any attention module. Since CNN is the basis for the automatic segmentation of brain tumors, we also designed a CNN network to segment brain tumors as a control group. The CNN network consists of 8 layers of convolution and a sigmoid classification layer. Table 3 shows the results of these comparative experiments. On the whole, the performance of NLSE-VNet is the best. However, the CNN network only uses a small number of convolutions to reach a medium segmentation level, therefore CNN has an important role for automatic segmentation.


Table 3 | Segmentation results of ablation experiments on the BraTS 2020 dataset.



Figures 10 and 11 respectively show the combination of violin chart and scatter plot for each evaluation index in the validation set of the NLSE-VNET model on BraTS 2019 and BraTS 2020. It can be seen from the figure that in all samples, the results are relatively concentrated in the higher area, and there are only a few abnormalities, indicating that the model has strong individual case prediction ability. Since sensitivity measures the model’s ability to predict the tumor area, and specificity measures the model’s ability to predict the background, it can be seen that the distribution range of sensitivity is close to the specificity, indicating that the model’s ability to predict the tumor area is similar to the background, effectively alleviating the problem of category imbalance.




Figure 10 | Combination of scatters plot and box plot of the indicators for BraTS 2019.






Figure 11 | Combination of scatters plot and box plot of the indicators for BraTS 2020.



We randomly selected four slices in the training set, comparing the experts to the model prediction, while three-dimensional reconstruction of the division results, as shown in Figure 12. Among them, red represents the core of the tumor, the combined area of yellow and red represents the enhanced tumor, and the entire segmented area represents the entire tumor. It can be seen that the results of the model are very similar to the standards in overall and detail, providing a more intuitive diagnostic basis for the doctor.




Figure 12 | Visual display of brain tumor segmentation results in training set. Red color represents the tumor core (necrosis), yellow color represents the active tumor and green regions are the edema.



We randomly selected some examples in the validation set to visually present the segmentation results and marked the Dice of the ET area on the graph, as shown in Figure 13. We also perform three-dimensional reconstruction of the segmentation results. From these examples, it can be seen that the model is very effective in segmenting tumors of different sizes, shapes, and positions, which also provides an important guarantee for the accuracy of subsequent survival prediction.




Figure 13 | Visual display of brain tumor segmentation results in validation set. Red color represents the tumor core (necrosis), yellow color represents the active tumor and green regions are the edema.





Overall Survival Prediction Results

There are 335 cases in the training set of the BraTS 2019 segmentation task, but the organizer only provided survival labels for 209 cases. BraTS 2020 has 236 cases of lifetime labeling, and due to the error of the segmentation model, the data used in the experiment is 232 cases. The features we use are divided into three categories, clinical factors such as age and tumor grade provided by the organizer, radiological features extracted through the Pyradiomics toolkit, and deep features extracted through CNN. We use these three types of features to obtain the results on the two testsets as shown in Table 4.


Table 4 | The survival prediction result of BraTS 2019 and BraTS 2020.



At the same time, we also conducted a comparative experiment on the BraTS 2020 dataset. In order to ensure effective comparison, we conducted the same experiment on the mask provided by the organizer and the prediction result of our segmentation model. Table 5 lists the results obtained by combining different types of features. Among them, “CNN (RF)” represents the use of deep features and random forest models to predict the survival period, and “CNN (DL)” represents the use of deep features and neural networks to predict the survival period.


Table 5 | Survival prediction results of different types of feature on BraTS 2020.



CNN extracting features is usually difficult to explain the biological principles behind it (27). In order to have a deeper understanding of the process of model learning features, we generate activation maps for each activation layer (ReLU) in the network (28), as shown in Figure 14. We can observe that after the first activation layer, some features such as texture and intensity are learned, and the second activation layer learns spatial features such as shape and size. It can be seen that the third activation layer focuses attention on In the TC region, we speculate that the features of the TC region are more important for survival prediction than other regions. We can observe that as the number of layers increases, the features extracted by CNN will become more and more abstract.




Figure 14 | Activation map, the feature map after the ReLU activation layer in the network.



In order to verify that the radiological features extracted from the original image and the radiological features extracted from the wavelet image can improve the prediction performance, and at the same time prove the importance of the clinical features, we have done comparative experiments, as shown in Table 6. “Original” represents the radiological features extracted from the tumor region of the original MR sequence, and “Wavelet” represents the radiological features extracted from the tumor region of the image after wavelet processing. Through the comprehensive comparison in Table 6, it is found that the radiological features extracted from the original image are better than those after wavelet in predicting survival. The effect of clinical factors is not as good as we expected. The reason may be that the amount of data is small and the features of clinical factors cannot be reflected.


Table 6 | Survival prediction results of different radiological features on BraTS 2020.



For intuitive comparison, we show the histogram of the RMSE of each method in Figure 15. In Figure 15 (a), after adding the deep features extracted by CNN, the RMSE has been greatly reduced. Among them, the RMSE of the automatic segmentation results is reduced by 19.4 percentage points, while the survival prediction results using only the deep features are not stable, due to the limitation of data volume, we cannot get more robust results.




Figure 15 | Histogram of survival prediction results.



Figure 16 shows the correlation between age and survival time, and the correlation coefficient is -0.35, that is, there is a weak negative correlation between them. The study of Weninger L. et al. also confirmed our conclusions (29). Since the tumor type of the living time data given by the organizer is HGG, we no longer discuss the correlation between tumor type and survival time. However, it has been proved pathologically that HGG patients with glioma have a poor prognosis, and their survival period is often shorter than that of LGG.




Figure 16 | The correlation between age and survival time.





Comparison

We compare the segmentation results with other methods, as shown in Table 7. Kim S. et al. proposes to obtain the initial segmentation probability map with 2D U-Net and then input the MR image and the initial segmentation into the 3D U-Net for segmentation (30). Amian M. et al. proposed a 3D deep segmentation method to divide glioma, including two parallel streamlines having two different resolutions, one convolutional neural network for learning local features, another for the entire image global observation (31). Shi W. et al. adopted a 2D U-Net network segmentation model based on dense cell and feature pyramid unit (32). Agravat R.R. et al. used the three sub-regions of the tumor in the whole convolutional neural network to fuse the segmentation results (33).


Table 7 | Comparison of the results of the segmentation task.



At the same time, we listed the results of using the BraTS 2020 dataset. Tarasiewicz T. et al. used Skinny, a lightweight U-Net-based architecture to segment brain tumors, which was originally used to detect skin from color images (34). Mchugh H. et al. believe that two-dimensional segmentation is more advantageous than three-dimensional segmentation. They use 2D density-UNet to segment brain tumors on two-dimensional slices (35). Zhao C. et al. replaced the convolution in the three-dimensional U-Net with two-dimensional multi-view convolution, and learned features in the axial, sagittal, and coronal respectively (36). Savadikar C. et al. used probabilistic U-Net to explore the effect of sampling different segmentation maps, and at the same time explored the effect of changes in the number of attention modules on segmentation quality (37).

We also compare the results of survival prediction in Table 8. Kim S. et al. extracted radiomics features, select a small amount of features from random forest retrogenizer to avoid overfitting, and finally predicted the survival time using a random forest regression model (30). Amian M. et al. extracted the spatial features of the entire tumor and sub-organization, using a random forest model to predict the survival time (31). Kofler F. et al. Only uses age this clinical features to predict the survival period, and three orthogonal polynomials and posetric regression models are used (38). Islam M. et al. according to the geometric shape of the tumor, and the position of the new radiology features is combined with clinical features, using XGBooST predictive survival (39).


Table 8 | Comparison of the results of survival prediction task.



Here are some methods for survival prediction using the BraTS 2020 dataset. Soltaninejad M. et al. used the ratio of tumor volume to brain tissue and the average tumor intensity as features and applied a random forest model to predict survival time (40). Agravat R.R. et al. used a random forest regressor to train the three types of features extracted from shape, volume, and age to predict survival (41). Patel J. extracted 2048 deep features from the segmentation network, used principal component analysis to reduce dimensionality, and trained the Cox risk proportional model for survival prediction (42). Ali M.J. et al. extracted multiple radiological features and image features from the MRI volume, used random forest recursive features to eliminate, and then used random forest regression factors combined with grid search to predict survival (43).



Discussion

In this section we will discuss the results presented and highlight the shortcomings and solutions in current research.

In the segmentation task, through ablation experiments, we found that the NL module has limited ability to improve segmentation accuracy. It may be that the attention module is not the most suitable model for brain tumor segmentation. We can try to replace the NL module with some other attention modules, such as the SCSE module, which is a variant of the SE module. By focusing on important feature maps or feature channels, it reduces the impact of unimportant features, thereby improving image segmentation results. This module has been applied to brain MR segmentation and achieved excellent results (44). Or Edge Guidance module, which combines edge detection and semantic segmentation, and can use edge information to better supervise and learn semantic segmentation (45). While ignoring a very important concept in medical images, that is, the structure of medical images, we will consider adding structure such as edges and textures when designing segmentation algorithms in the future.

In this article, we design a CNN network to extract the deep features of the image. It contains 4 layers of convolution with a step size of 2 and 3 layers of fully connected neural networks (the last 2 layers of fully connected layers are used to directly predict the survival time). Other network structures were also tried to extract the deep features, and two layers of convolution with a step size of 1 and four layers of convolution with a step size of 1 were added respectively before the fully connected layer. In order to compare which network extracts the best performance of the deep feature, we directly use the fully connected layer to predict the survival time of the deep feature. The results are shown in Table 9. Here we only extract deep features from the results of model segmentation. From the results in Table 9, it can be seen that the 4-layer convolutional network has the best performance in extracting deep features.


Table 9 | Survival prediction results of different CNN network structures.



In the survival prediction task, through the comparative experiments in Table 3, we found that only using deep features will make the survival prediction results unstable. The experiment on the mask shows that the neural network results are better than the random forest, while the experiment on the automatic segmentation results has the opposite result, because CNN will show a high degree of variability in different periods. We need more data to fully obtain the robustness of the CNN results. Radiological features have better interpretable advantages and generally more robust results can be obtained. Banerjee et al. designed two new radiological features, extracted from the brain segmentation atlas and spatial habitats and proved their effectiveness (46). We consider introducing these two features in future work to further improve survival prediction performance. In addition, we can use clinical knowledge to classify radiological features more finely, in order to find more suitable feature dimensionality reduction methods, so that feature dimensionality reduction can also have strong interpretability and clinical applicability (47).




Conclusion

This paper proposes a method for automatically segmenting brain tumors and predicting the survival time of tumor patients, and the performance is verified on the BraTS 2019 and BraTS 2020. First of all, the traditional VNet is improved, and the NLSE-VNet model is proposed. It adds an attention module on the basis of the original V-Net, which can increase a small amount of calculation and greatly improve the segmentation accuracy. Secondly, we used the Pyradiomics toolkit to extract the radiological features of the segmented tumor regions, and the CNN network extracted the deep features (48). Then the factor analysis method is used to reduce the feature dimension, and the clinical features such as age are input into the random forest model to predict the survival period. This research combines promising radiology, machine learning, and deep learning methods, and achieves an average segmentation accuracy of 0.79, and a average RMSE of 311.5 for survival prediction. Experimental results show that this method has reached a relatively prominent level and has good advantages in clinical applications.
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Changes in fundus blood vessels reflect the occurrence of eye diseases, and from this, we can explore other physical diseases that cause fundus lesions, such as diabetes and hypertension complication. However, the existing computational methods lack high efficiency and precision segmentation for the vascular ends and thin retina vessels. It is important to construct a reliable and quantitative automatic diagnostic method for improving the diagnosis efficiency. In this study, we propose a multichannel deep neural network for retina vessel segmentation. First, we apply U-net on original and thin (or thick) vessels for multi-objective optimization for purposively training thick and thin vessels. Then, we design a specific fusion mechanism for combining three kinds of prediction probability maps into a final binary segmentation map. Experiments show that our method can effectively improve the segmentation performances of thin blood vessels and vascular ends. It outperforms many current excellent vessel segmentation methods on three public datasets. In particular, it is pretty impressive that we achieve the best F1-score of 0.8247 on the DRIVE dataset and 0.8239 on the STARE dataset. The findings of this study have the potential for the application in an automated retinal image analysis, and it may provide a new, general, and high-performance computing framework for image segmentation.
Keywords: retina vessel segmentation, multi-objective optimization, multiple probability map fusion mechanism, skeleton extraction, multi-channel DCNN
1 INTRODUCTION
The fundus photography can quickly and noninvasively obtain retinal images, which is usually used as an effective way for diagnosing fundus diseases. Furthermore, by observing retina blood vessels, medical scientists can assess symptoms of diseases, such as hypertension, diabetes, and neurodegenerative diseases. However, many studies based on retinal vascular changes still rely on a manual qualitative assessment, which prevents experts from grasping retinal diseases more accurately and efficiently. For example, narrowed retinal blood vessels is a typical early symptom of hypertension, but disease symptoms can only be assessed subjectively by ophthalmologists through fundus photography or angiography. These early symptoms are not only time-consuming but also hard to be spotted. Therefore, a reliable and quantitative automatic diagnostic method is urgently required to improve diagnosis efficiency, and some related research works have gradually risen in the recent years.
Retina vessel segmentation methods are generally divided into filter-based methods, machine learning algorithms, and deep learning methods. The filter-based technology (Annunziata et al., 2016) is almost consistent with image processing methods, using the filter window to process fundus images. Peter et al. (2012) used a wavelet transform to quickly detect blood vessels and calculated vascular profiles to determine blood vessel boundaries. Fraz et al. (2012) employed the Gabor filter and top-hat transformations of morphological operations for feature extraction and vessel segmentation. Nguyen et al. (2013) performed vessel segmentations by linear operators of different scales. Salazar-Gonzalez et al. (2014) used graph cut technology for vessel segmentation. In addition, machine learning (Roychowdhury et al., 2014) models usually extract feature vectors and then construct a classifier to label pixels. Orlando and Blaschko (2014) used a conditional random field (CRF) with a fully connected model to segment the fundus retina vessels. Gu and Cheng (2014) proposed an iterative two-step learning-based method to boost the segmentation performance by existing basic segmenters. Lupascu et al. (2010) constructed a 41-D vector for each pixel in the image to encode the alignment information, and then classified pixels using the AdaBoost classifier.
With the rapid development of deep learning in recent years, convolutional neural network (CNN) performs well on classification and regression tasks because it can hierarchically abstract representations using local operations. It is very suitable for computer vision–related applications. Especially, since the advent of U-net (Ronneberger et al., 2015) in 2015, it brought great progress to medical image segmentation tasks. It is an encoder–decoder structure, and skip connections inspired many subsequent studies. For example, M2UNet by Laibacher et al. (2018) and LadderNet by Zhuang (2018) obtained excellent results in the fundus retina vessel segmentation. They both are inspired by U-net. In addition, Melinscak et al. (2015) developed a 10-layer CNN for a binary classification based on the patch-wise method. Fu et al. (2016) constructed a deeply integrated network consisting of a convolutional neural network (CNN) and a conditional random field (CRF). In detail, multi-scale and multilevel CNNs were used to extract features, and a CRF was used to model the pixel interaction. In the recent years, many researchers made great progress. CS-Net (Mou et al., 2019) adds two attention mechanisms: spatial attention and channel attention, to the encoder and decoder to better capture the local and global features of images, thereby improving the segmentation results. DUnet (Jin et al., 2019) integrated the deformable convolution into U-net so that it can adaptively adjust the receptive field of the filter during the feature extraction process to extract features of different scales. Vessel-Net (Wu et al., 2019) embedded the inception-residual convolution block into U-net to improve the feature extraction ability of the encoder, and then used multiple supervision paths to train the network to obtain more refined segmentation. Wang et al. (2020) separately trained the “easy” and “hard” parts in the encoder stage to perform targeted vascular segmentation, and added an attention mechanism to the “hard” part for more effective segmentation. NFN+ (Wu et al., 2020) used two networks to achieve more refined segmentation. It exploited the front network to obtain a basic prediction probability map, and then used the followed network for post-processing. In addition, the author applied inter-network skip connections to unite the two networks to make better use of multi-scale features. SCS-Net (Wu et al., 2021) first used a scale-aware feature aggregation (SFA) module to extract multi-scale features, then employed the adaptive feature fusion (AFF) module to fuse different levels of features to obtain richer semantic information, and finally used the multilevel semantic supervision (MSS) module to obtain more refined segmentation results. RV-GAN (Kamran et al., 2021) used a generative network to perform blood vessel segmentation. It employed two generators and two multi-scale discriminators for microvessel segmentation. In addition, it replaced the original adversarial loss with a new weighted loss.
However, the abovementioned methods are more focused on obtaining accurate prediction probability maps rather than binary segmentation features. But only increasing the accuracy of probability maps is very limited for the ability to improve the accuracy of segmentation. In addition, existing methods do not predict thick and thin vessels separately although they have different characteristics, which also leads to the relative neglect of improving accuracy on thin blood vessel segmentation. Therefore, we propose a specific method to skillfully fuse prediction results from original, thick, and thin vessels.
In the task of retina vessel segmentation, there are many difficulties such as a low contrast between blood vessels and background, and central bright band in vessels and the lesion area around blood vessels, as shown in Figure 1. But segmenting vascular ends and thin blood vessels is the most difficult part. As we all know, the proportion of thin blood vessels in a retina image is small. So in the deep learning method, the misclassification or omission of some thin vessel pixels does not greatly affect the segmentation accuracy, but it leads to unsatisfactory segmentation maps, which causes the network to pay more attention to segment thick vessels than thin vessels. Inspired by this limitation, according to the original label and the other two extra training objectives made by ourselves, we train original, thick, and thin vessels separately. Thus, we can obtain three different prediction probability maps. Then we use a special fusion method instead of directly choosing a fixed threshold to get the final binary segmentation map. Three kinds of prediction probability maps can exert their own strength so that they can complement each other. Experimental results show that our training strategy and fusion mechanism can get excellent performance. Furthermore, our method can transfer our novel training strategy and fusion mechanism to other deep learning models, and they can perform better than before. Therefore, our proposed method can be commonly applied on any kind of deep learning models for retina image segmentation.
[image: Figure 1]FIGURE 1 | Difficulties in fundus image segmentation task. From the left to right: low contrast between blood vessels and background, central bright band in blood vessels, and lesion area around vessels. From the top to bottom: part of original images and corresponding labels.
2 RELATED WORKS
With the development of computational technologies, various deep learning models have emerged for solving image calculation problems. AlexNet (Krizhevsky et al., 2012), which won the 2012 ImageNet competition, should be regarded as the first deep learning convolution neural network. It can extract higher dimensional features of images than LeNet (Lecun et al., 1998). The network structure was composed of eight layers, including five convolution layers and three fully connected layers. It also introduced the popular activation function ReLU (Rectified Linear Unit) and the Dropout layer used to prevent over-fitting. Also, VGGNet (Simonyan and Zisserman, 2014) is a very famous deep convolution neural network, which won the runner-up of the 2014 ILSVRC competition. It explored the relationship between the network depth and performance of the convolution neural network. What is more, ResNet (He et al., 2016) that won several championships in ILSVRC 2015 and COCO 2015 was dedicated to solve the model degradation problem caused by the deepening of the network during the layer stacking process. It used a shortcut connection to add the output of previous layers to the current output of this layer, and then the sum can be put into the activation function as the final output of this layer. It was proven that ResNet can effectively alleviate the problem of vanishing gradients.
In the field of image segmentation, there are still some methods that perform very well. The first to mention is fully convolutional networks (FCNs) (Shelhamer et al., 2017), which is a landmark invention in the field of image segmentation. It creatively replaced fully connected layers of the CNN with convolution layers. The FCN classified images at the pixel level, accepted images of any size, and obtained the output with the same size; thereby, it can solve the problem of image segmentation at the semantic level. There was also another characteristic, the skip-level structure, which can take into account local and global information simultaneously. Next one is SegNet (Badrinarayanan et al., 2017), a deep network to solve the problem of image semantic segmentation for autonomous driving or intelligent robots. Based on the semantic segmentation model of the FCN, the framework of VGG16 was used, and it removed the fully connected layer to build an encoder–decoder symmetrical structure to achieve end-to-end pixel-level image segmentation. One of its highlights was the use of max-pooling indexes, which can reduce the amount of parameters for end-to-end training and can be incorporated into any encoding–decoding architecture with only a few modifications. Finally, there is Mask R-CNN (He et al., 2017) that won the championship of COCO 2016 competition; it can perform instance segmentation while performing target detection. Mask R-CNN was based on Faster R-CNN (Ren et al., 2017). In Mask R-CNN, the FCN was used in semantic segmentation for each proposal box of Faster R-CNN. In addition, another important change was the replacement of the ROI pooling module of Faster R-CNN with a more accurate ROI align module.
3 METHODOLOGY
In this article, we propose a novel deep learning framework for fundus diseases diagnosis. First, the fundus images were preprocessed and divided into patches. Second, we perform multi-objective optimization on the network. Explaining in detail, given an image, there is the original label, and then the extra thick and thin vascular training objectives can be obtained by our own algorithms. Based on three different annotation sets, we can obtain the prediction probability maps of original, thick, and thin vessels. Finally, our new fusion mechanism fuses three different prediction probability maps to obtain the final binary segmentation map. The framework of our method is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Framework of our method. (A) Process of preprocessing. (B) Original label, thick, and thin training objectives. (C) Multi-objective optimization. Three types of annotations lead to three different prediction probability maps. (D) Fusion mechanism.
3.1 Preprocessing
The fundus retina blood vessel images have uneven brightness, image noises, and low contrast between vessels and background. Thus, similar to other methods, we first extract the green channel of original RGB images because the green channel has the highest image contrast. Second, different images are normalized. Third, we apply contrast limited adaptive histogram equalization (CLAHE) (Zuiderveld, 1994) on these images so that the background brightness of images can be equalized without magnifying the image noise. Finally, the gamma correction is used to compress highlight portion and expand dark portion of images. The process of preprocessing is shown in Figure 3.
[image: Figure 3]FIGURE 3 | Process of image preprocessing. From the left to right: fundus retina image, image of green channel, CLAHE-processed image, and gamma correction processed image.
3.2 Network Architecture
U-net Ronneberger et al. (2015) has outstanding performances in medical image segmentation tasks. It was proposed at a medical image conference (MICCAI) in 2015. As shown in Figure 4, U-net had a symmetrical encoder–decoder structure. It performed feature extraction in the encoding stage. It uses convolution to gradually extract features of different depths. The convolution operation can be formulated as follows:
[image: image]
Here, N is the size of weight matrix W, X is the tensor from last layer, and ReLU is the rectified linear function; its expression is as follows:
[image: image]
[image: Figure 4]FIGURE 4 | The structure of U-net.
Then the pixel-level classification can be obtained in the decoding stage via up-sampling operation. U-net also used skip-connection to concatenate features of the corresponding layers of the encoder and decoder on the channel dimension (see the gray arrows in Figure 4) so that deep semantic information and shallow representation information can be combined to make the segmentation results more refined. U-net performs very well in segmentation tasks of various organs, especially for fundus blood vessels; it can segment almost all thick blood vessels and most of thin blood vessels, achieving high accuracy. So we choose a U-net–based network as our segmentation model.
3.3 Multi-Objective Optimization
We construct a train model for original vessel images using preprocessed raw images, original vessel labels, and masks. Then, prediction probability maps of original vessels can be identified. Similarly, in order to achieve the specialized training on thin vessels and thick vessels separately, we use thin (or thick) vessel training objectives made by ourselves, which can emphasize thin (or thick) vessels relatively during the training process. Thus, thin (or thick) vessel training objectives, preprocessed images, and masks can be used as an input, and we can obtain prediction probability maps of thin (or thick) vessels.
Here, the thin (or thick) vessel training objectives are composed of two parts: thin (or thick) blood vessels and vessel skeleton, as shown in Figure 5. For the thick vessel training objective, we retain the thick vessels of the original label image, remove the thin blood vessels, and replace it with the vessel skeleton. In the same way, the thin vessel training objectives are composed of the thin vessels and vessel skeleton. The reason why we use skeleton to replace the removed vessels is to preserve the complete vessel topology and keep vessels consistent during the training process.
[image: Figure 5]FIGURE 5 | Composition of thin and thick vascular training objectives. From the left to right: thin (or thick) vessel of original label image, the same vessel skeleton, and thin (or thick) training objectives.
3.3.1 Vessel Skeleton
There are many existing methods to obtain the skeleton of an object in an image (Zhang and Suen, 1984; Saeed et al., 2010). Due to the uneven thickness and tortuosity of retina blood vessels, some previous methods are not very suitable for obtaining the skeleton of retina vessels. However, the vessel skeleton is needed as a vascular topology consisting of the centerline of blood vessels.
Here, we get the retina vessel skeleton as follows. First, finding the outline of blood vessels. Through searching points with a pixel value of zero around each pixel of blood vessels, the boundary pixels of vessels can be identified. From this, we can define the outline of vascular. In other words, the outline is made up of all the boundary pixels, as shown in Figure 6. Next, except for the end pixels of blood vessels, rest of outline pixels are removed, having a new outline according to the above method. Our skeleton method keeps iterating this process until the vessel skeleton is obtained, that is, the horizontal width of the remaining blood vessels is less than two pixels. The vessel skeleton is shown in Figure 7.
[image: Figure 6]FIGURE 6 | Outline of vessel. An exemplar of non-deletable points is shown in the red box: the vessel in this segment is only about two pixels wide. If removing the outline of this segment, the corresponding vessel in this segment will disappear.
[image: Figure 7]FIGURE 7 | Vessel skeleton. From the left to right: fundus retina image, ground truth, and vessel skeleton obtained by our method.
3.3.2 Separation of Thick and Thin Vessels
Because blood vessels gradually taper from the root to ends, the width of the vessel is gradually reduced. For each pixel in blood vessels, we match a vascular width to it, and then thick and thin vessels can be divided on the pixel level by the vascular width of every pixel. If the vascular width of any pixel is greater than or equal to the threshold, we define it as a thick vessel pixel, and naturally the opposite as thin vessel pixels. In detail, the vascular width at a certain point is defined as follows. First, we identify the vascular width of skeleton pixels. We define the twice distance from each skeleton pixel to the nearest outline pixel as the vascular width of this skeleton pixel. Second, we define the vascular width for other vascular pixels. The vascular width of the nearest skeleton pixel from them is used to replace their width. In this way, we can match the vascular width for each pixel. Thereby, thick and thin blood vessels are separated based on the vascular width of each pixel. In our experiments, the separation threshold is 2.2 pixels. This means that those with a width greater than or equal to 2.2 pixels are thick vessel pixels, and those with width less than 2.2 pixels are thin vessel pixels. Due to the slight uneven thickness of the blood vessels, this may lead to the intersection of separated thick and thin vascular pixels and unsmooth appearance of separation profile.
3.4 Fusion Mechanism
We design three fusion methods for prediction probability maps of original, thick, and thin vessels, and then adopt one of them that performs the best. For this method, we apply the pixel-wise classification on prediction probability maps. At a certain pixel point, if the pixel probability of one of three probability maps is greater than or equal to the threshold 0.5, it is defined as a vascular pixel. Furthermore, since the original vascular label is more complete, it has more complete segmentation map, accordingly. So during the fusion process, there is a greater weight on prediction probability maps of original vessels, and the best weight we get on the data set is 1.25; that is, k is 1.25. Therefore, we are relatively more strict with the application of prediction probability maps of thick and thin vessels, as shown in Algorithm 1.
[image: FX 1]
4 EXPERIMENTS
In order to verify the validity of our method, we perform experiments on three datasets: DRIVE, STARE, and IOSTAR. Our experiments are implemented on Keras based on TensorFlow with GeForce RTX2080 Ti GPU. The network models for three tasks use the same parameter settings.
4.1 DRIVE Dataset
The DRIVE dataset contains 40 fundus images, corresponding labels, and binary field of view (FOV) masks. The images have the resolution of [image: image] pixels and [image: image] FOV. We use the standard split: first 20 images belong to the test set and rest 20 images belong to the training set. Each image of the training set has one manual annotation, and each image of the test set has two manual annotations. In our experiments, the first manual annotation is used to be the gold standard.
4.2 STARE Dataset
The STARE dataset contains 20 fundus images and corresponding labels (Hoover et al., 2000). The images have the resolution of [image: image] pixels, 8 bits per color channel. This dataset does not contain FOV masks, so we use the masks provided by Marin et al. (2011) for comparison. Due to the small size of the dataset, we use leave-one-out method: select 19 images for training at a time, leave one image for testing, and then calculate the average of various metrics on 20 images as the final results. Similarly to other methods, we use the manual annotation by the first observer as our ground truth.
4.3 IOSTAR Dataset
The IOSTAR dataset contains 30 fundus images, corresponding labels, binary field of view (FOV) masks, and the optic disc (OD) masks. The images have the resolution of [image: image] pixels and [image: image] FOV. Since the annotations of vessels within the OD are not available as stated on the dataset website, we take the official recommendation and use the OD mask for the evaluation of the retinal vessel segmentation. To make it easy for comparison, we also use five-fold cross-validation to train and test our model; that is, we select 24 images as the training set each time, then use the remaining six images to test, and finally use the average of the five tests as the final result.
5 RESULTS AND DISCUSSION
In order to evaluate the segmentation method proposed in this article, we test on three datasets: DRIVE, STARE, and IOSTAR. First, so as to prove the model independence of our method, U-net is replaced with the FCN and the relevant experiments performed. Second, we compare the performances of four loss functions and list the relevant comparison results. Third, the other two fusion methods are introduced, and we compare them to our adopted fusion method. Then to verify the robustness of our method, we perform cross-training on two datasets: DRIVE and STARE. Finally, we compare our segmentation results with some existing methods.
5.1 Evaluation Metrics
Through the comparison between segmentation map and ground truth, the pixels which are in the segmentation map can be divided into the following four categories: correctly classified as positive (TP), correctly classified as negative (TN), incorrectly classified as positive (FP), and incorrectly classified as negative (FN). We use some general evaluation metrics such as Acc (accuracy), Se (sensitivity), Sp (specificity), and F1 score, as follows:
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To further evaluate the effectiveness of our method, we also calculate the area under the receiver operating characteristics curve (AUC).
5.2 Performance on Fully Convolutional Networks
To verify the model independence of our method, we replace U-net with the FCN model; that is to say, we transfer our training strategy and fusion mechanism to the FCN: first, training the original vessel images on the FCN-based model, then just as common methods, taking 0.5 as the threshold of the prediction probability map to turn it into a binary segmentation map. For comparison, we train original, thick, and thin vessels separately on the FCN-based model, and then apply our proposed fusion method to get a final segmentation map. We perform this comparison experiment on the DRIVE dataset, and related experimental results are shown in Figure 8. It can be found that our novel method can segment more vessel ends than the original normal FCN model. We achieve 0.8082, 0.9830, 0.8141, and 0.9677 on Se, Sp, F1-score, and Acc, respectively, while the normal FCN achieves 0.7718, 0.9795, 0.8072, and 0.96535 on Se, Sp, F1-score, and Acc, respectively.
[image: Figure 8]FIGURE 8 | Comparison of a normal FCN-based model and our proposed method on the FCN-based model. From the left to right: fundus retina image, ground truth, binary segmentation map of the normal FCN-based model and our proposed method on the FCN-based model. Obviously, our method can segment more thin blood vessels.
5.3 Comparison of Loss Functions
We compare four loss functions on the basis of our framework, namely, binary cross entropy, categorical cross entropy, binary focal loss, and categorical focal loss. In deep learning methods for retinal vessel segmentation, the cross-entropy loss function is generally used. For the binary classification problem such as blood vessel segmentation, the first choice we think of is binary cross entropy. This loss can be defined as follows:
[image: image]
Here, y is the ground truth and [image: image] is the prediction.
At the same time, for such problems, we can also use categorical cross entropy loss; the expression is shown as follows:
[image: image]
where y is the ground truth and [image: image] is the prediction.
The performances of above two cross-entropy loss functions do not have absolute strengths or weaknesses. According to the expression, it can be found that for all pixels in an image, whether they belong to foreground or background, the cross-entropy loss treats them all the same. Therefore, in the retina vessel segmentation tasks, even if thin vascular pixels with the small portion are not well segmented, cross-entropy loss will not be very high. So, it would place the emphasis on thick vessels and ignore thin vessels relatively.
In order to solve above problems, the focal loss (Lin et al., 2017) is a more appropriate choice. It can improve the accuracy of difficult segmented pixels. Focal loss can adjust a loss through two parameters, α and γ. α is the weighting factor; it can control the contribution of positive and negative samples to the total loss. And γ is the focusing parameter; its purpose is to reduce the weight of samples that are easy to classify so that the model can focus more on samples that are difficult to be classified during the training process. Inspired by the cross-entropy loss, we also try two different focal losses: binary focal loss and categorical focal loss. The expressions are as follows:
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Here, y is the ground truth and [image: image] is the prediction.
Here, α can play the role of balancing class. In categorical focal loss, α is a 2-dimensional vector because our task is a binary classification. In the binary focal loss, α is a fixed value.
In order to further explore the role of α and γ in two focal loss functions, we take different values of α and γ to determine the best set of parameters. The experiments are performed on the DRIVE dataset. For binary focal loss, we compare α and γ, respectively. In the original article, the best α and γ are 0.25 and 2.5, respectively. Based on this, the range of α is [image: image], and the range of γ is [image: image], as shown in Figure 9. Since other metrics are related to the threshold of binary images, we chose to compare AUC that is just related to the predicted probability value. When α is 0.3 and γ is 3.0, the maximum AUC is 0.9750. Otherwise, there is no big difference between AUCs obtained by different parameters. For the categorical focal loss, we set α to 0.25 for positive samples directly and compare the performances of different γ. As shown in Figure 10, we can see that when γ is 2.0, the best values of AUC, Acc, and Sp can be obtained. So we can basically conclude that in our experiments, categorical cross entropy performs best when γ is 2.0.
[image: Figure 9]FIGURE 9 | AUCs obtained by binary focal loss on DRIVE according to different α and γ. We can obtain the best performance when α is 0.3 and γ is 3.0.
[image: Figure 10]FIGURE 10 | Performance obtained by categorical focal loss on DRIVE according to different γ. When γ is 2.0, the best values of AUC, Acc, and Sp can be obtained.
We also compare the performances of four types of loss functions on original, thick, and thin blood vessels. For controlling variables, 0.5 is simply used as the threshold for segmentation instead of our proposed fusion method. For two types of focal loss, we use best parameters discussed above; that is, γ is 2.0 in categorical focal loss, and γ is 3.0 and α is 0.3 in the binary focal loss. As described in Table 1, for original blood vessels, except for categorical cross entropy with the best performance on Sp, the categorical focal loss realizes the best performances in the remaining metrics. For thick blood vessels, similarly, except for binary cross entropy with the best performance on Se, categorical focal loss achieves the best performances on Sp, F1-score, Acc, and AUC. However, for thin blood vessels, binary cross entropy performs the best on Se, F1-score, and AUC, while categorical focal loss achieves good results on Sp and Acc. In general, categorical cross entropy is the best one for our proposed method. Therefore, we choose categorical focal loss as our loss function. The performances of four loss functions are shown in Figure 11. At the same time, it can be noticed that when we train thick and thin vascular images, all results we get are lower than those of original vascular images. This is mainly because training objectives of thick and thin vessels do not exactly coincide with their original retina images.
TABLE 1 | Performance on four loss functions.
[image: Table 1][image: Figure 11]FIGURE 11 | Comparison of different loss functions. From the left to right: fundus retina image, annotations of thin, original and thick vessels, prediction probability maps of thin, original, and thick vessels through categorical focal loss, categorical cross entropy, binary focal loss, and binary cross entropy, respectively. We can notice that categorical cross entropy is the best one for our proposed method because it can help us segment blood vessels more clearly, especially thin blood vessels.
5.4 Comparison of Fusion Methods
We design two other fusion methods to compare with the first method mentioned earlier. In the other two methods, for a certain pixel in the image, its prediction values are first checked in the original, thick, and thin vascular prediction probability maps. Then for the second fusion method, if two of three prediction values are greater than or equal to the threshold 0.5, the pixel is determined as positive, that is, a blood vessel pixel, and its pixel value is set to 255 to obtain a binary segmentation map. And for the third method, we calculate the average of three prediction pixel values; if the average value is greater than or equal to the threshold 0.5, the pixel is defined as a vascular pixel. Comparison of three fusion methods is shown in Table 2. We can find that although the first fusion method is slightly lower than the third fusion method on Se, it performs best on Sp, F1-score, Acc, and AUC. So we finally chose the first fusion method as our fusion mechanism.
TABLE 2 | Performance on the three fusion mechanisms.
[image: Table 2]5.5 Cross-Training on Different Datasets
To test the robustness of our method, we perform cross-training on two datasets: DRIVE and STARE. Similar to other methods (Yan et al., 2018), we first use the STARE dataset for training, and then test on the DRIVE dataset. In the same way, in turn, we use the DRIVE dataset for training and the STARE dataset for testing. The performances of cross-training are shown in Table 3. It can be found that for DRIVE (trained on STARE), our method obtained best results on Se, Sp, and Acc. And for STARE (trained on DRIVE), our method still obtained best results on Se, Sp, and Acc. However, we can also notice that results obtained by DRIVE (trained on STARE) are generally lower than those obtained by STARE (trained on DRIVE). Due to differences in manual annotations of two datasets, the model trained on STARE is relatively weak in segmenting images of DRIVE datasets because it is not able to detect thin vessels well.
TABLE 3 | Cross-training results on DRIVE and STARE datasets.
[image: Table 3]5.6 Segmentation Results
We analyze the segmentation results of our method on the thin vessels and compare the results with those obtained by Yan et al. (2019). In order to make it easy for comparison, as with their method, we separate the thick vessels and thin vessels with a boundary of three pixels, and then we calculate Se, Sp, and Acc of the thin vessel segmentation results. From Table 4, we can see that our Se is lower than the result of the study by Yan et al. (2019), but our Sp and Acc are significantly higher than them, which shows that we have improved the segmentation of thin vessels.
TABLE 4 | Comparison of thin vessels segmentation.
[image: Table 4]We also compare different retina vessel segmentation methods on three datasets, as shown in Table 5. The performances of our proposed method for segmentation retina images are shown in Figure 12. For DRIVE, we achieve 0.9697, 0.8140, 0.9847, 0.8247, and 0.9782 on Acc, Se, Sp, F1-score, and AUC, respectively. Compared to the current excellent experimental results, we surpass them on Acc, Se, and Sp. But for AUC, we differ from the best result, 0.9830 of Wu et al. (2020), by 0.0048. And for the F1-score, our result is lower than that obtained using DEU-net (Wang et al., 2019) by 0.0023, which achieves 0.8270. For STARE, as mentioned above, we use FOV masks generated by Marin et al. (2011). Our framework obtains 0.9737, 0.8251, 0.9859, 0.8239, and 0.9821 on Acc, Se, Sp, F1-score, and AUC, respectively. Compared with many existing methods, our method surpasses current state-of-the-art methods on F1-score and Acc. But for Se, Sp and AUC, we are slightly lower. Among them, AUC is 0.0058 lower than the current best result (Li et al., 2016). For the IOSTAR dataset, we get 0.7998, 0.9847, 0.8059, 0.9702, and 0.9788 on Se, Sp, F1-score, Acc, and AUC, respectively. Compared to the current outstanding experimental results, we surpass them on Sp and AUC. Especially for AUC, we are higher than [image: image]-net (Mou et al., 2021) by 0.003, which achieves 0.9758.
TABLE 5 | Comparison of different retina vessel segmentation methods on DRIVE, STARE and IOSTAR datasets.
[image: Table 5][image: Figure 12]FIGURE 12 | Performance on retina vessel segmentation. From the top to bottom: images from DRIVE and STARE. From the left to right: fundus retina images, ground truths of thin, original, and thick vessels, and prediction probability maps of thin, original, and thick vessels, and binary segmentation map.
In addition, we also calculate the standard deviation of the F1-score obtained by using our method based on U-net and using only U-net on the DRIVE test set. According to Table 6, our standard deviation is 0.01744, while U-net’s standard deviation is 0.02345. This indicates that the F1-score predicted by our method fluctuates less than using U-net alone. For different fundus images, our model is less affected by differences in image quality; thus, we can obtain more stable segmentation maps, which also shows that our method has high reliability.
TABLE 6 | Comparison of standard deviations on the F1-score.
[image: Table 6]6 CONCLUSION
This study proposes a novel deep learning method to train original, thick, and thin vessels. At the same time, we design algorithms for extracting vessel skeleton and separating thick or thin blood vessels. Importantly, we make a novel fusion mechanism that can fuse prediction probability maps from three different types of vessels to obtain final binary segmentation map. Experimental results indicate that our proposed method has outperformed many current outstanding retina vessel segmentation methods on DRIVE, STARE, and IOSTAR datasets. The effectiveness and robustness with different image conditions can make this blood vessel segmentation proposal suitable for retinal image computer analyses such as automated screening for early diabetic retinopathy detection.
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Objective

To investigate the ability of contrast-enhanced ultrasound (CEUS)-based radiomics combined with machine learning to detect early protein changes after incomplete thermal ablation.



Methods

HCT-26 colorectal adenoma cells were engrafted into the livers of 80 mice, which were randomly divided into 4 groups for palliative laser ablation. Changes in heat shock protein (HSP) and apoptosis-related protein expression in the tumors were assessed. SCID mice subjected to CEUS and ultrasonography were divided into training (n=56) and test (n=24) datasets. Then, 102 features from seven feature groups were extracted. We use the least absolute shrinkage and selection operator (LASSO) feature selection method to fit the machine learning classifiers. The feature selection methods and four classifiers were combined to determine the best prediction model.



Results

The areas under the receiver-operating characteristic curves (AUCs) of the classifiers in the test dataset ranged from 0.450 to 0.932 (median: 0.721). The best score was obtained from the model in which the omics data of CEUS was analyzed in the arterial phase by random forest (RF) classification.



Conclusions

A machine learning model, in which radiomics characteristics are extracted by multimodal ultrasonography, can accurately, rapidly and noninvasively identify protein changes after ablation.





Keywords: CEUS (contrast-enhanced ultrasound), radiomics, machine learning, liver metastases, thermal ablation



Introduction

Whether liver metastases can be inactivated in patients with liver metastases from colorectal cancer (CRLM) is a key issue influencing the survival and long-term tumor-free survival of patients (1–3). Thermal ablation has been considered an effective method in the treatment of such patients, but sometimes the residual tumor cells cannot be completely inactivated by ablation (4, 5). Various imaging studies have a good judgment on the necrotic changes at the histological level after ablation and have formed certain clinical guidelines, but there are few reports on the changes at the molecular level, especially at the protein level. The molecular changes before and after ablation and the combination of molecular targeted therapy on this basis are the current research focus (6–8). At the same time, there is an urgent need for noninvasive imaging methods to reveal the molecular changes in the tumor before and after ablation (9).

The development of imaging has enabled the successful transformation of high-dimensional medical images into massive amounts of multilevel quantitative data (10, 11). In theory, imaging has the potential to reveal the tumor phenotype and molecular changes from the level of macroscopic characteristics of organ tissues to the level of local cell and molecular characteristics (12). The accurate, timely and sensitive display of tumor molecular characteristics by imaging is of great significance for treatment (13–16). CT, MRI and PET have been successfully explored in these fields (17–20). There are relatively few reports on multimodal ultrasound, including contrast-enhanced ultrasound (CEUS), and there is no standard for omics exploration methods (21–23). The main difficulty is the lack of universal ultrasound omics analysis methods, especially for CEUS data (24, 25).

Multimodal ultrasound in the imaging-based diagnosis of liver metastases has the advantages of being easy, repeatable, nonradioactive, and highly sensitive and is the main imaging means for guiding thermal ablation. In most interventional treatment centers in China, the rate at which ultrasound can detect liver metastases is an important factor for decision-making regarding ablation. We explored whether CEUS-based multimode ultrasound imaging can detect early molecular changes in incomplete tumor ablation in animal models.



Materials and Methods


Animal Model

All experimental procedures followed Zhejiang University Laboratory Animal Operating Regulations. (http://www.lac.zju.edu.cn/cms/12997). This research protocol was approved by the Research Ethics Committee of the First Affiliated Hospital of Zhejiang University. The severe combined immunodeficiency (SCID) mice were housed in a specific pathogen-free (SPF) animal room and were underwent a 12-h light/dark cycle to obtain free food and tap water. The temperature of the room is 20-25°C and the humidity is 50-60%. The 10mm long HCT-26 colorectal adenoma tumor tissue was cut into 2-mm3 pieces and implanted into the left lobe liver of SCID mice by surgical incision. According to the different ablation conditions, a total of 80 mice were divided into 4 groups with 20 mice in each group. The grouping was performed with a random number method. The first group is a blank control group, the second group is a sham puncture group, the third group and the fourth group are incomplete ablation groups. The incomplete ablation experiments were performed after 2 weeks when tumors had grown to an average diameter of 0.6-0.7 cm (Figure 1A). The SCID mice were killed 18 h after incomplete ablation, and the largest tumor diameter was 0.8-1.0 cm.




Figure 1 | Ultrasonic image and histopathology of the implanted tumor. (A) Gray ultrasound showed hypoechoic metastases in the liver parenchyma with clear boundaries. (B) Ultrasound showed laser fiber into the center of the tumor. (C) The 5-second image of contrast-enhanced ultrasound in liver metastases. (D) The 25-second image of contrast-enhanced ultrasound in liver metastases. (E) The morphology of intestinal adenocarcinoma cells was uniform with large and deep stained nuclei (HE staining). (F) Compared to intratumoral tissue, there was increased staining in liver tissue with clear edges (periodic acid-Schiff staining).





Palliative Ablation Method

Intraperitoneal anesthesia was administered to the SCID mice with approximately 200 μl 4% chloral hydrate at a dose of 400 mg/kg mouse weight. We applied the conditions established in the previous study to construct an incomplete ablation model (26, 27). Mice were fixed on the operating table with local disinfection. An ultrasound-guided 21-G percutaneous transhepatic cholangiography (PTC) needle was used to puncture the tumor. After confirming the position of the needle by high-frequency ultrasound, the operator removed the inner core and inserted a laser fiber into the needle (Mylab™ Twice, Esaote SpA) (Figure 1B). After confirming that the fiber was positioned at 1/3 of the length of the tumor, the power was set at 1 W, and the foot switch was activated for continuous laser ablation; the treatment time was 0 seconds, 30 seconds and 60 seconds (total dose of 0 J, 30 J, 60 J). Local hemostasis was conducted by applying gentle pressure following treatment.



Multimodal Ultrasound Examination and Image Evaluation

All ultrasound examinations were performed by two experienced radiologists who had more than 10 years of experience in ultrasound-guided interventional procedures. Conventional sonography was conducted with MyLab Twice (Esaote SpA, Genoa, Italy) with a linear array transducer with a frequency range of 18-22 MHz. Scans were performed under the abdominal preset, and the imaging focal zone was positioned posterior to the level of the lesion. For the target lesion, the largest section in terms of both longitudinal and transverse views was stored. Color Doppler of each lesion was performed by using the same transducer, and the picture was recorded.

The linear array transducer with a frequency range of 1.0 to 4.0 MHz is equipped with a contrast-specific contrast pulse sequencing imaging mode for CEUS inspection. Contrast-enhanced sonography was performed using SonoVue (Bracco SpA, Milan, Italy), a second-generation ultrasound contrast agent consisting of microbubbles of sulfur hexafluoride gas. A 0.1-mL bolus of SonoVue was hand injected through a 25-G intravenous catheter in the caudal vein. The target lesion in the largest plane was continuously observed and documented with a 60-second long clip (Figures 1C, D). All the above mentioned ultrasound examinations were completed on the experimental day 8 h after incomplete ablation or sham puncture.

CEUS features (including the enhancement level, enhancement homogeneity, enhancement boundary, and feeding artery) were evaluated and recorded. All digital cine clips of the study population were retrospectively reviewed by two investigators (C.F. and B.H.W.), each of whom has more than 10 years of experience in evaluating liver CEUS scans. They were asked to evaluate and record the imaging features of all the mice using a standardized approach. In cases of discordance, a consensus reading was performed, and the classification judgment was made.



Sample Collection and Molecular Biological Examination

The SCID mice were euthanized via intraperitoneal injection of 2% sodium pentobarbital at a dose of 150 mg/kg body weight. Cervical dislocation was used to confirm the death of 80 mice 18 h post-operation. The 80 tumors were cut along their diameter, and one-quarter was fixed in 4% paraformaldehyde for 48 h at room temperature, whereas the remaining three-quarters of each tumor was kept in a liquid nitrogen jar. Histopathology was performed with HE and periodic acid-Schiff (PAS) staining (Figures 1E, F).

Terminal deoxynucleotidyl transferase dUTP nick end labeling (TUNEL) was used to determine the apoptosis of the tumor cells in the liver that underwent incomplete ablation. For each section, five or more high-magnification fields (200x) with at least 500 cells were selected to count the number of cells emitting green fluorescence and to subsequently calculate the apoptosis index (Ai). The equation was as follows: Ai = (number of positive cells/number of total cells) 100% ± SD.

Small tumor samples were lysed on ice using RIPA lysis buffer (P0013B, Beyotime, China) containing a protease inhibitor cocktail; cellular debris was pelleted by centrifugation at 12,000 rpm for 5 min at 4°C, and the supernatants were harvested. Protein concentrations were measured by a bicinchoninic acid (BCA) protein assay kit (P0010 Beyotime, China). The protein lysates (30 µg per lane) were separated via SDS-PAGE. Following separation on an 8%~15% acrylamide gel, the proteins were transferred onto PVDF membranes. The membrane containing the proteins was successively incubated with blocking buffer (overnight at 4°C), with a primary antibody (37°C for 1 h) and with a secondary antibody (37°C for 1 h). The following primary antibodies were used: anti-Bax (1:3000; ab32503), anti-caspase-3 (1:1000; ab184787), anti-Hsp70 (1:1000; Ab2787), anti-Hsp90 (1:1000; Ab13492), and anti-GAPDH (1:1000; ab181602), all from Abcam Biotechnology. HRP-conjugated goat anti-mouse IgG H&L (1:3000; SE131, Solarbio, USA) was used as the secondary antibody. Chemiluminescence detection was achieved by exposure to film in a darkroom. Following development and fixation with washing buffer at 20−25°C for 10 min (P0019, Beyotime Institute of Biotechnology), the film was visualized with an enhanced chemiluminescence system (ECL, Beyotime, China). The densities of the protein bands were determined using ImageJ software (v1.46; National Institutes of Health), normalized to actin expression and quantified using Microsoft Excel software (version 2016, Microsoft Corporation).



Feature Extraction and Selection

Dynamic CEUS was used to obtain a series of static images at a frequency of one per second. All stored images were transformed into an 8-bit bitmap. For each lesion, a region of interest (ROI) around the tumor border was delineated on the largest cross section with the ABsnake plugin using ImageJ software semiautomatically. Two doctors porformed three times combined with their own judgment. Then, a total of 102 features were extracted from the ROI using PyRadiomics (version 1.3.0; Computational Imaging and Bioinformatics Lab, Harvard Medical School). The CEUS images of each mouse were extracted at 5, 25, and 45 seconds (Figure 2A). To reduce the differences in semi-automatic manual segmentation between sonographers, we calculated the intraclass correlation coefficient (ICC) of each feature between two doctors. We extracted the following three types of data for machine learning analysis: the grayscale data, contrast-enhanced arterial phase data (15 seconds), and the whole course of CEUS data. The absolute values of the differences in the 5- and 25- second and the 25-second and 45-second CEUS radiomics data per mouse were added as the data representing the whole course of CEUS for subsequent analysis. To construct nonredundant and robust combined radiomic signatures, the least absolute shrinkage and selection operator (LASSO) regression method was used (Figure 2B). The complexity of the LASSO regression is controlled by a tuning parameter lambda (λ) with the rule that as the value of λ increases, the penalty for each variable coefficient also increases. Only nonzero coefficient variables were selected in this method.




Figure 2 | The CEUS-based radiomics analysis schematic. (A) The CEUS images of mouse was extracted at 5,25 and 45 seconds. (B) Lasso regression was used as feature selection method. (C) Four  supervised machine learning algorithms were applied.





Machine Learning and Model Performance Evaluation

Data analysis and training of binary classifiers was performed using the Python programming language (Python Software Foundation, version 3.7.4, 2019, available at http://www.python.org), including the packages “numpy,” “pandas,” “sklearn,” and the other package and the Anaconda integrated development environment (version 1.9.12, Anaconda Inc., USA).

We applied 4 supervised machine learning algorithms; these classifiers were k nearest neighbors (KNN),decision tree (DT), random forest(RF) and logistic regression (LR) (Figure 2C).

There were six kinds of radiomics data as the inputs of each machine learning model(1. Grayscale ultrasound 2. Contrast-enhanced arterial phase data 3. The whole course of CEUS 4. Grayscale data with LASSO regression 5. Contrast-enhanced arterial phase data with LASSO regression 6. The whole course of CEUS with LASSO regression).These 4 classification methods combined with six kinds radiomics data to establish 24 (6× 4 = 24) models.

Each of the 24 models was trained and 10-fold cross validated in the training set with scikit-learn. The receiver operating characteristic (ROC) curve and area under the ROC curve (AUC) were employed to evaluate the predictive accuracy of the radiomics signatures developed. The model that had the highest AUC value in the test dataset was selected as the final model.

A two-sided p value of < 0.05 was used as the criterion to indicate a statistically significant difference. Statistical analysis was conducted with SPSS 22.0 for Windows (Chicago, IL).

The above is the main process of this study (Figure 3).




Figure 3 | The flow chart shows the three main steps process in our study.






Results


Molecular Changes After Tumor Ablation


The Expression of HSPs Is Increased After Ablation

Compared with those in groups 1 and 2, the expression levels of two HSPs (HSP70 and HSP90a) were increased in groups 3 and 4. The western blotting results confirmed that the HSP70 and HSP90a expression levels were significantly higher in experimental groups 3 and 4 than in control groups 1 and 2; the relative HSP70 and HSP90a expression levels in group 4 were higher than those in group 3 (p < 0.01) (Figures 4A, B).




Figure 4 | Molecular changes in the control groups and the experimental groups. (A) HSP70 and HSP90a expression. (B) HSP70 and HSP90a expression levels in four groups. Significant differences were calculated in groups 1 and 2 vs. groups 3 and 4, groups 3 vs. 4. (C) TUNEL expression (magnification). (D) Apoptosis index of the four groups. Significant differences were calculated in groups 1 and 2 vs. groups 3 and 4, groups 3 vs. 4. (E) Protein expression. (F) Bcl-2, BAX, and c-capase3 protein expression level in four groups. Significant differences were calculated between groups 1 and 2 vs. groups 3 and 4. *p < 0.05, **p < 0.01.





Apoptosis in the Incomplete Ablation Group and the Control Group

The apoptosis rate was higher in groups 3 and 4 than in groups 1 and 2. The TUNEL assay showed more green fluorescence accumulation in groups 3 and 4 than in groups 1 and 2. Ai was higher for the tumors in groups 3 and 4 than for the tumors in groups 1 and 2, and Ai was higher in group 4 than in group 3 (Figures 4C, D).

The expression of the apoptosis protein Bcl-2 was lower in groups 3 and 4 than in groups 1 and 2. The expression of the apoptosis protein BAX was higher in groups 3 and 4 than in groups 1 and 2. The relative expression levels of cleaved caspase-3 protein detected by western blot analysis showed were significantly different between groups 1 and 2 vs. groups 3 and 4 (Figures 4E, F).




Interobserver Agreement

The interobserver reproducibility of feature extraction by the two ultrasonographers was good, with ICCs ranging from 0.789 to 0.932. Therefore, all the outcomes were based on the measurements made by the first sonographer.



Feature Selection

The training dataset includes 102 radiomics features. The features were grouped into first-order statistics (18 features) and shape-based (9 features), gray level dependence matrix (GLDM, 14 features), gray level cooccurrence matrix (GLCM, 24 features), gray level run length matrix (GLRLM, 16 features), gray level size zone matrix (GLSZM, 16 features), and neighboring gray tone difference matrix (NGTDM, 5 features) features. A radiomics signature was further constructed based on the 102 features with respective nonzero coefficients selected through the LASSO regression method.



Model Performance Evaluation

LR is one of the most commonly used generalized linear mixed models (GLMMs) for two classifications of data. The number of key features selected for building a radiomics signature was determined by the concordance index (C-index) value using 10-fold cross-validation. LR with L1 regularization had an AUC of 0.450-0.829 in the test dataset; LR with LASSO feature selection had an AUC of 0.493-0.850 in the test dataset (Figure 5A).




Figure 5 | Heatmaps illustrating the predictive performance (AUC) of different combinations of feature selection methods (rows) and classification algorithms (columns). (A) Cross-validated AUC values of 24 models on the training and validation datasets. (B) ROC curve of RF_artery.



In the tune grid, we varied the max_depth between 1 and 10; min_impurity_decrease between 0-1; the best score was 0.792. The final model had a max_depth of 4 per decision tree. The final AUC of the DT classifier in the test dataset was 0.542-0.875. The final AUC of the DT classifier with LASSO feature selection in the test dataset was 0.546-0.622 (Figure 5A).

The selected RF classifiers consisted of 28 decision trees. In the tune grid, we varied the number of features randomly selected for each tree between 1 and 10. At a max-depth of 4, a plateau was observed at an AUC of 0.79, and the accuracy cannot be improved by increasing the tree depth. Consequently, the depth of each decision tree of the final model is 4 randomly selected predictors. The final AUC of the RF classifier was 0.613-0.932. The final AUC of the RF classifier with LASSO was 0.588-0.757 (Figure 5A).

We kept a KNN classifier as a reference because it is frequently applied, easy to implement, and robust, although its performance is worse than other classifiers. The number of neighbors used for classification varied from 1 to 11, and gradually increased by 1 during training. The best performance was achieved by the classifier using k = 1 neighbors. The final AUC of the KNN classifier was 0.656-0.867. The final AUC of the KNN classifier with LASSO was 0.481-0.759 (Figure 5A).

In Figure 2A, the mean AUCs of the 8 models are presented in the heatmap. AUCs ranged from 0.450 to 0.932; the median value was 0.721, and the best score was 0.932 (the RF model in the artery dataset; RF_artery) (Figure 5B). The AUCs of grayscale data combined with all the four classifiers ranged from 0.450-0.656 and the AUCs of graylasso data combined with all four classifiers ranged from 0.481-0.588. This shows that the classification value of grayscale ultrasonic image data is not high.

The AUC for the image identification ability of sonographers using conventional analytical methods is 0.705. The best machine learning score was significantly better than the ultrasonographer score (P<0.01).




Discussion

In this preclinical radioproteomics study, we hypothesized that there was a causal relationship between image features and protein expression. To prove our hypothesis, we first employed a model of metastatic cancer implantation in SCID mice and performed incomplete ablation intervention. Our previous study showed that 30J and 60J laser ablation caused incomplete ablation, which induced increased apoptosis of the tumor tissue without causing significant necrosis (26, 27). Heat shock protein(HSP) family is sensitive to heat injury. Increased reactivity of HSP90 and HSP70 after incomplete thermal ablation has been reported in the literature (28, 29). The increase in HSP70 and HSP 90 indicates that the tumor tissue has suffered the corresponding thermal damage. Apoptosis related examinations including the increased expression of TUNEL, BAX protein, cleaved caspase-3 protein and the decrease of Bcl-2 protein, all proved the changes in apoptosis related proteins in tumor tissue (30).The related indicators—HSPs and apoptosis -related proteins—were assessed to confirm the ability of the model to detect protein level changes in a short time after incomplete ablation. The results show that the binary classification machine learning model trained by quantitative radiomics ultrasound data can distinguish changes in protein levels after incomplete ablation.

Radiomics has facilitated some meaningful advances in the field of liver tumor ablation (31). A total of 647 radiologic features of three-phase contrast-enhanced CT within 2 weeks before ablation were extracted from 184 HCC patients. LASSO Cox regression model was used to select valuable indexes. A recurrence prediction model was established based on clinicopathological factors and radiological features The results indicated that among the four radiomic models, the portal venous-phase model performed best in the validation subgroup (C-index = 0.736 (95% confidence interval [CI]: 0.726-0.856)). The predictive ability of the combined clinicopathological and radiological features model was significantly better than that of the simple clinical model (ANOVA, P < 0.05). 0001).

At present, there are several kinds of ultrasound contrast agents for monitoring microcirculation perfusion. Only SonoVue(Bracco Italy) has obtained the approval and license for abdominal imaging procedures in China. SonoVue is a stable sulfur hexafluoride microbubble surrounded by a phospholipid shell with a mean diameter of 2.5–6 μm (32). Guidelines and clinical practice recommendations for CEUS have been developed. CEUS is helpful to improve the detection of liver lesions. It has been suggested in planning and monitoring of liver metastatic tumor ablation.

CEUS with SonoVue is close to the gold standard of contrast-enhanced imaging in evaluating the short-term ablation rate (1-3 months) after ablation. It has the advantage of real-time and quick evaluation after ablation (immediate and 30 min), which can immediately guide re-ablation and improve the complete ablation rate of single ablation. In China and other countries, more than 50% of patients choose multimodal ultrasound guidance (33, 34). Early multimodality ultrasound has the advantage that incomplete ablation is detected sooner but brings about the challenge of interpreting dynamic processes such as transient edema. Therefore, it is valuable to explore the imaging omics evaluation of ablation based on ultrasound and CEUS immediately after surgery. Based on our limited knowledge, we have not yet seen a study assessing the protein level before and after tumor ablation by ultrasound imaging omics based on CEUS data. Only one study applied a radiomics technique with CEUS to assess tumor heterogeneity (35). In three tumor models of xenografted mice, the morphological and functional characteristics of tumor vessels were extracted by CEUS, and the tumor phenotype was classified by a trained linear support vector machine (SVM) incorporating features including the image intensity median, gray level cooccurrence matrix energy, vascular network length, and run length nonuniformity of the gray run matrix. The fourfold cross validation scheme was used to train the model, and a correct classification rate of 82.1% (95% CI: 0.640-0.92) was obtained. However, the author used an uncommon and hard-to-obtain vessel segmentation algorithm to extract CEUS radiomics data.

In this study, we successfully extracted the static radiomics data of grayscale ultrasound and CEUS at a certain time point by using the general open-source radiomics software PyRadiomics. The numerical differences between three static time CEUS scans were calculated to represent the whole process of CEUS. The data in this study are two-category small sample data, which are not suitable for deep learning methods that require large amounts of data, such as neural networks. We have selected the following four as exploration methods in machine learning classification algorithms. First, LR is one of the most commonly used methods for the two types of data classification, and traditional statistical methods can also be implemented. The KNN classifier is selected as a reference because it is a frequently used and easy to implement. The DT classifier and RF classifier are the most effective classification methods in machine learning. The results also prove that in this study, the effect of RF classification is the best, which has exceeded that of experienced doctors. The four most commonly used machine learning methods were applied to analyze six kinds of radiomics data. The RF_artery model proved to have the highest AUC value of 0.932. The value of CEUS in the arterial phase at 5 seconds was the highest, which is consistent with our clinical experience. The arterial phase of CEUS is often the most representative feature of microcirculation perfusion in tumors. In the LI-RADS classification standard of the liver contrast-enhanced ultrasound guide, the performance of the arterial phase of contrast-enhanced ultrasound occupies a high weight (36). The combination of anatomical and functional information might enable the development of better models for radiomics analysis.

In this study, relatively few animals were assessed, and a standardized acquisition protocol was used to image all mice. Thus, there is a risk that the data were overfitted and that the best image for analysis was not randomly selected for the test dataset. In addition, the small sample size makes the results more susceptible to data variability. Radiomics analysis can be influenced and challenged by the different types of scanners from different manufacturers in the clinical setting. This study provides good confidence that CEUS data can be used to perform radiomic analysis. Future studies should address the above mentioned issues.



Conclusions

We have shown in in vivo preclinical models that radiomics is able to quantify early protein changes in tumors after incomplete ablation and identify differences that are not visible to the human eye. After incomplete ablation, the radiomics profile of CRLM appears to be different from that before surgery. These differences may be identified by binary classification algorithms, especially by RF trained with radiomics features extracted from the arterial-phase CEUS immediately after ablation, which showed the best AUC of 0.932, allowing for an early assessment of protein level changes after ablation. Further studies are needed to further validate its classification ability.
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Purpose

To assess the performance of random forest (RF)-based radiomics approaches based on 3D computed tomography (CT) and clinical features to predict the types of pelvic and sacral tumors.



Materials and Methods

A total of 795 patients with pathologically confirmed pelvic and sacral tumors were analyzed, including metastatic tumors (n = 181), chordomas (n = 85), giant cell tumors (n =120), chondrosarcoma (n = 127), osteosarcoma (n = 106), neurogenic tumors (n = 95), and Ewing’s sarcoma (n = 81). After semi-automatic segmentation, 1316 hand-crafted radiomics features of each patient were extracted. Four radiomics models (RMs) and four clinical-RMs were built to identify these seven types of tumors. The area under the receiver operating characteristic curve (AUC) and accuracy (ACC) were used to evaluate different models.



Results

In total, 795 patients (432 males, 363 females; mean age of 42.1 ± 17.8 years) were consisted of 215 benign tumors and 580 malignant tumors. The sex, age, history of malignancy and tumor location had significant differences between benign and malignant tumors (P < 0.05). For the two-class models, clinical-RM2 (AUC = 0.928, ACC = 0.877) performed better than clinical-RM1 (AUC = 0.899, ACC = 0.854). For the three-class models, the proposed clinical-RM3 achieved AUCs between 0.923 (for chordoma) and 0.964 (for sarcoma), while the AUCs of the clinical-RM4 ranged from 0.799 (for osteosarcoma) to 0.869 (for chondrosarcoma) in the validation set.



Conclusions

The RF-based clinical-radiomics models provided high discriminatory performance in predicting pelvic and sacral tumor types, which could be used for clinical decision-making.





Keywords: radiomics, machine learning, neoplasms, classification, diagnostic imaging



Introduction

Pelvic and sacral tumors have various types, with metastatic tumors being the most common because of their prominent hematopoietic function until late in life (1, 2). Primary sacral tumors are rare and mainly include chordoma, giant cell tumor (GCT), neurogenic tumor, etc. (3, 4). In addition, a small number of GCTs and neurogenic tumors can also occur in the pelvis. Sarcomas, such as chondrosarcoma, osteosarcoma, and Ewing’s sarcoma, are also the common primary malignant bone tumors of the pelvis and sacrum (5, 6). Because pelvic and sacral tumors are usually large and surrounded by complex structures, treatment for these tumors is often a challenging procedure that can be accompanied by serious complications, such as massive bleeding (7–10). In clinical practice, these tumors are treated differently. For example, preoperative chemotherapy is important for osteosarcoma, but it is not effective for chondrosarcoma. Therefore, accurate preoperative identification of these tumors is essential for the development of individualized treatment (11, 12).

Pelvic and sacral tumors share many similar clinical and imaging features, they often present heterogeneous masses with different components. This makes it difficult to identify these tumors in clinical practice, especially when they occur in unusual or multiple locations. In addition, the classic semantic assessments of traditional computed tomography (CT) and magnetic resonance (MR) images suffer from strong inter- and intra-reader variations, they do not provide sufficient diagnostic power to identify these tumors (13). Clinically, a simple and accurate method is needed to identify pelvic and sacral tumors.

Sophisticated machine learning methods show promise in complementing human diagnostics (14, 15). In recent years, radiomics has been successfully applied in the classification of tumor types. A few previous studies have identified sacral tumors using radiomics methods, but most of these studies identified only two types of tumors, and their sample sizes were relatively small (3, 11, 12). Yin et al. (3) built a random forest (RF)-based triple-classification radiomics model for the differentiation of primary chordomas, GCTs, and metastatic tumors of sacrum based on MR features. They concluded that their model is feasible to differentiate these tumors and can improve the precision of preoperative diagnosis in clinical practice. RF algorithms have a comparably low tendency to overfit and are well suited for multi-classification discrimination (13). Although machine learning has been applied to the segmentation, lesion detection, evaluation of chemotherapy response and prediction of local recurrence of bone tumors in recent years (16–20), the ability to identify multiple types of pelvic and sacral tumors remains unknown.

The aim of our study was to determine the performance of RF-based radiomics approaches based on CT features and clinical characteristics to predict the multiple types of pelvic and sacral tumors.



Materials and Methods


Patients and Data Acquisition

After the approval of our local ethics committee, we conducted this single-center retrospective study and waived written informed consent. A total of 1000 patients with pathologically confirmed pelvic and sacral tumors in our institution from April 2006 to December 2019 were retrospectively analyzed. All patients had a single pelvic and sacral tumor that was detected on CT within 1 month before the initial surgery. Patients that had pelvic and sacral tumor types with a sample size less than 30 (n = 111), without preoperative CT images (n = 84), or with obvious artifacts (n = 10) were excluded. Finally, a total of 795 patients with pelvic and sacral tumor types of metastatic tumors (n = 181), chordomas (n = 85), GCTs (n =120), chondrosarcomas (n = 127), osteosarcomas (n = 106), neurogenic tumors (n = 95), or Ewing’s sarcomas (n = 81) were included in the study. Sex, age, maximal tumor size, history of malignancy and tumor location (Zone I–IV) (21) of patients were also analyzed. Zone I includes the iliac crest, Zone II includes the acetabulum and its surroundings, Zone III includes the pubis and ischium regions, and Zone IV refers to the sacrum region. A “multi-zone” is a tumor that involves more than one area simultaneously.

All CT images were acquired on each patient using multi-detector row CT systems (Philips iCT 256, Philips Medical System; GE Lightspeed VCT 64, GE Medical System). The acquisition parameters were as follows: 120 kV, 100-370 mAs, slice thickness = 5 mm, matrix = 512 × 512 mm, field of view = 350 × 350 mm. The CT images were reconstructed with soft-tissue and bone kernel.



Tumor Segmentation

MITK software version 2018.04.2 (www.mitk.org) was used for the semi-automatic segmentation of all tumors (22). First, the two authors (PY and XL) manually delineated the edge of the lesion at the axial, sagittal, and coronal sites, respectively. Then, a three-dimensional lesion was automatically formed and manually corrected by a musculoskeletal radiologist with 5 years of experience and a senior musculoskeletal radiologist with 20 years of experience who were blinded to the assessment.



Feature Extraction and Selection

A total of 1316 radiomics features of each patient were extracted from the CT images using the Artificial Intelligence Kit software version 3.3.0 (GE Healthcare, China), including 18 first-order histogram features, 14 shape features, 24 gray-level co-occurrence matrix features, 14 gray-level dependence matrix features, 16 gray-level run-length matrix features, 16 gray-level size-zone matrix features, 5 neighboring gray-tone difference matrix features, 744 wavelet features, 186 Laplacian of Gaussian (LoGsigma=2.0/3.0) features, and 279 local binary pattern features.

We preprocessed the data and normalized the extracted features. When the data value exceeded the range of mean value and standard deviation, the median of specific variance vector was used to replace the outliers. In addition, we standardized the data in a specific interval. The standardized formula is as follows: (fi−u)/std, where fi represents a single characteristic data, u is the average value of the data column, and std pertains to the standard deviation of the data column.

To reduce overfitting or selection bias in our radiomics model, we used two methods to select the features: Spearman correlation as representative of filter models and gradient boosting decision tree (GBDT) as representative of embedded models (23, 24). The features with Spearman correlation > 0.7 were excluded to avoid overfitting. After the number of features was determined, the most predictive radiomics features were chosen to construct the final model.



Model Building and Validation

First, we divided the patients into the benign tumors group (n=215) and malignant tumors group (n=580), and built the first radiomics model (RM1) by using RF. After differentiating benign and malignant tumors, the specific types of benign and malignant tumors were then divided respectively. RM2, a two-class RF-based radiomics model, was built to identify GCTs and neurogenic tumors. After that, we constructed two triple-classification models, namely, RM3 and RM4. RM3 was used to identify metastatic tumors, chordomas, and sarcomas. RM4 was used to identify osteosarcomas, chondrosarcomas, and Ewing’s sarcomas.

Clinical features were also compared and variables with P value < 0.05 were included in the clinical model. When combined RM with clinical data, we also constructed four clinical-RMs. In addition, we also constructed a seven-classification model, namely, clinica-RM5, to identify these seven types of tumors. In each model, all patients were randomly divided the patients into the training and validation sets by a ratio of 7:3. Models were trained with the training set by using the repeated 5-fold cross-validation method, and estimation performance was evaluated with the validation set.

The performance of different models was assessed using the area under the receiver operating characteristic curve (AUC) and accuracy (ACC). Figure 1 shows the workflow of this study.




Figure 1 | The workflow of this study.





Statistical Analysis

All statistical analyses were performed with R (version 3.5.1) and Python (version 3.5.6). Mann-Whitney U test or Kruskal-Wallis H test was performed to compare continuous variables, while chi-squared test or Fisher’s exact was used for categorical variables between groups. All statistical tests were two-sided, and Bonferroni-corrected P value were used to identify the feature significance of multiple comparisons.




Results


Patient Characteristics

A total of 795 patients (432 males, 363 females; mean age of 42.1 ± 17.8 years, range 4–82 years; mean tumor size of 9.6 ± 4.0 cm) were included in this study (Table 1). In the clinical-RM1, sex, age, history of malignancy and tumor location had significant differences between groups (χ2 = 9.111, Z = -3.962, χ2 = 62.277, χ2 = 149.379, P < 0.01). No significant difference was found in terms of tumor size between groups (Z = 0.534, P > 0.05). For the clinical-RM3, age, tumor size, history of malignancy and tumor location had significant differences between groups (Z = 248.6, Z = 55.167, χ2 = 272.494, χ2 = 181.17, P < 0.001). However, for the clinical-RM2 and clinical-RM4, significant differences were found in terms of age, tumor size and tumor location (P < 0.01), no significant difference was found in terms of sex and history of malignancy between groups (P > 0.05). There was no significant statistical difference between the training and validation sets in terms of age, sex, tumor location, tumor size, history of malignancy and histology (P > 0.05). The 95 neurogenic tumors were composed of 45 neurofibromas and 50 schwannomas. In the case of metastatic tumor, 43 metastases from lung, 27 from breast, 26 from liver, 25 from kidney, 15 from gastrointestinal, 13 from thyroid, 12 from prostate, 9 from uterus, 4 from bladder, 2 from melanoma, 2 from osteosarcoma, 2 from brain, and 1 from nasopharynx, respectively.


Table 1 | Clinical characteristic of patients.





Performance of Different Models

For the two-class models, RM1 achieved an AUC of 0.949 and an ACC of 0.894, while RM2 reached an AUC of 0.974 and an ACC of 0.913 in the training set (Figure 2 and Table 2). In the validating set, we found: RM2 (AUC = 0.863, ACC = 0.800) had a slightly higher performance than RM1 (AUC = 0.834, ACC = 0.782).




Figure 2 | The ROC curve of two-class models in the validation set. (A), clinics1. (B), RM1. (C), clinical-RM1. (D), clinics2. (E), RM2. (F), clinical-RM2.




Table 2 | Performance of two-class models in the validation set.



For the three-class models, the proposed radiomics classifiers achieved AUCs between 0.742 (for osteosarcoma, RM4) and 0.849 (for chordoma and sarcoma, RM3) in the validation set (Figure 3 and Table 3). The ACCs of RM3 and RM4 were 0.665 and 0.667 in the validation set, respectively.




Figure 3 | The ROC curve of three-class models in the validation set. (A), clinics3. (B), RM3. (C), clinical-RM3. (D), clinics4. (E), RM4. (F), clinical-RM4. For clinics3, RM3 and clinical-RM3: class 0 = sarcoma, class 1 = metastatic tumor, class 2 = chordoma. For clinics4, RM4 and clinical-RM4: class 0 = Ewing’s sarcoma, class 1 = osteosarcoma, class 2 = chondrosarcoma.




Table 3 | Performance of three-class models in the validation set.



The AUC of the clinical models ranged from 0.645 to 0.951, and the ACC ranged from 0.583 to 0.833 in the validation set. When combined with clinical features, clinical-RMs performed better than individual RMs and clinical models. The clinical-RM1 exhibited an AUC of 0.899 and an ACC of 0.854 in the validation set. Similarly, the clinical-RM2 (AUC = 0.928, ACC = 0.877) performed better than individual RM2 in the validation set. The clinical-RM3 achieved AUCs between 0.923 (for chordoma) and 0.964 (for sarcoma), and ACC of 0.841 in the validation set. The AUCs of the clinical-RM4 ranged from 0.799 (for osteosarcoma) to 0.869 (for chondrosarcoma) in the validation set.

In addition, the AUC and ACC of clinical-RM5 in the training set were 0.771 and 0.580, and those in the validation set were 0.722 and 0.533, respectively. The Bar chart reflecting the predictive values of RM5 was shown in Supplemental Figure 1.




Discussion

In this study, we found significant differences in terms of age, sex, history of malignancy and tumor location for differentiating benign and malignant pelvic and sacral tumors. Both two-class and three-class RMs had good performance in predicting pelvic and sacral tumor types. When combined with clinical data, the clinical-RMs performed better than individual RMs.

Pelvic and sacral tumors have a tendency to be silent till reaching extreme volumes and involving the adjacent nerve roots, blood vessels and organs (7). They often present as large heterogeneous masses, which are often difficult to identify on conventional imaging. Although metastatic tumors occur frequently in the pelvis and sacrum, a diagnostic dilemma can present when there is a single tumor with no history or evidence of malignancy elsewhere in the body (1). In our study, age, sex, history of malignancy and tumor location were considered to be important clinical features to differentiate benign and malignant pelvic and sacral tumors. The proportion of males in patients with malignant tumors was higher than that in patients with benign tumors, which is consistent with previous study (12). For the clinical-RM3, age, tumor size, history of malignancy and tumor location had significant differences between groups. For the clinical-RM2 and clinical-RM4, however, significant differences were found in terms of age, tumor size and tumor location. Chordomas of the pelvis and sacrum occur almost exclusively in the sacrum, but can also involve the pelvis when the tumor is large, increasing the difficulty of identification. Neurogenic tumors and GCTs of bone also occur more frequently in the sacrum than in the pelvis. In this study, 4 neurogenic tumors and 25 GCTs occurred in the pelvis. Nevertheless, more sarcomas occur in the pelvis than in the sacrum. Chondrosarcoma is the most common primary malignant bone tumor in the pelvis, followed by osteosarcoma and Ewing’s sarcoma (5, 6). Osteosarcomas and Ewing’s sarcomas tend to occur between the ages of 10 and 30, while chondrosarcoma mostly affects people in their 40s to 70s (6). In our study, we found that the mean age of Ewing’s sarcoma was the lowest among these tumors, which is consistent with previous study (25). Park et al. (2) reported that osteosarcoma of the pelvic bones was more frequent in older patients, which may be due to their limited sample size. GCTs of bone typically affect younger patients between 20 and 30 years, and neurogenic tumors tend to occur between 20 and 50 years old without significant age predominance (4). In line with previous studies (1, 26, 27), we found that metastatic tumors and chordomas were more common in older populations. Furthermore, the size of the GCTs was significantly larger than that of the neurogenic tumor. The size of the sarcoma was significantly larger than that of the metastatic tumor and chordoma. For sarcomas, the size of the Ewing’s sarcoma was significantly smaller than that of the osteosarcoma and chondrosarcoma. As expected, the proportion of patients with metastatic tumors who had a history of malignancy was significantly higher than that of other tumor types.

Until now, there are few studies on the differentiation of pelvic and sacral tumors using machine learning methods (3, 11, 12). Yin et al. (12) compared the performance of radiomics model based on CT and MR features to identify sacral tumors. They found that clinical-radiomics nomogram performed better than radiomics nomogram. Most of previous studies investigated two-class problems, which intrinsically achieve higher AUCs compared with multiclass problems (13). In this study, we built four radiomics classifiers to identify seven types of pelvic and sacral tumors using RF. RF was widely used in multi-class machine learning due to its high accuracy and low overfitting (28, 29). It is a relatively efficient model-free method both in variable selection and classification (3). Kniep et al. (13) built a RF-based five-class radiomics model to predict the metastatic tumor type of brain and found it is superior to the radiologist’s readings. In our study, we first proposed a four-step models framework to improve the identification efficiency of models. Using this multi-model framework, we identified seven types of pelvic and sacral tumors, beginning with benign and malignant tumors and their subgroups. We found that both two-class and three-class RF-based RMs had good performance in predicting pelvic and sacral tumor types. Although the RMs performed worse than the clinical models alone, except for the RM2. This may be related to the fact that the clinical features included in this study are important features for differentiating these tumors and that they differ significantly. When combined with clinical data, the clinical-RMs performed better than individual RMs, which is consistent with previous studies (6, 12). Furthermore, the AUC of the seven-classification model was lower than that of other models, which may be related to the performance of RF decreases as the number of categories increases.

Our study has certain limitations. First, all images were collected from one center over the past decade or so, and from two different machines. Although we included large sample data for the study, a multicenter prospective study is beneficial to future research. Second, only plain CT image data were available in this study. Multimodal data may be required, such as enhanced CT and MR, which may provide more useful information for the differentiation of lesions. Third, we did not compare the performance of our model with that of the radiologists, and we will conduct further research in the following study. Last, we cannot include all types of pelvic and sacral tumors because some types are extremely rare. Our models include seven types of the most common pelvic and sacral tumors, and we continue to believe that our models can be of great clinical benefit.

In conclusion, the RF-based clinical-RMs provided high discriminatory performance in predicting pelvic and sacral tumor types. Our models can provide a simple, non-invasive and accurate auxiliary diagnostic tool for the differentiation of pelvic and sacral tumors, improving the diagnostic efficiency of clinicians.
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Objectives

This study aims to evaluate digital mammography (DM), digital breast tomosynthesis (DBT), dynamic contrast-enhanced (DCE), and diffusion-weighted (DW) MRI, individually and combined, for the values in the diagnosis of breast cancer, and propose a visualized clinical-radiomics nomogram for potential clinical uses.



Methods

A total of 120 patients were enrolled between September 2017 and July 2018, all underwent preoperative DM, DBT, DCE, and DWI scans. Radiomics features were extracted and selected using the least absolute shrinkage and selection operator (LASSO) regression. A radiomics nomogram was constructed integrating the radiomics signature and important clinical predictors, and assessed with the receiver operating characteristic (ROC) curve, calibration curve, and decision curve analysis (DCA).



Results

The radiomics signature derived from DBT plus DM generated a lower area under the ROC curve (AUC) and sensitivity, but a higher specificity compared with that from DCE plus DWI. The nomogram integrating the combined radiomics signature, age, and menstruation status achieved the best diagnostic performance in the training (AUCs, nomogram vs. combined radiomics signature vs. clinical model, 0.975 vs. 0.964 vs. 0.782) and validation (AUCs, nomogram vs. combined radiomics signature vs. clinical model, 0.983 vs. 0.978 vs. 0.680) cohorts. DCA confirmed the potential clinical usefulness of the nomogram.



Conclusions

The DBT plus DM provided a lower AUC and sensitivity, but a higher specificity than DCE plus DWI for detecting breast cancer. The proposed clinical-radiomics nomogram has diagnostic advantages over each modality, and can be considered as an efficient tool for breast cancer screening.





Keywords: breast, mammography, MRI, radiomics, nomogram



Introduction

Breast cancer has been a major concern and the second leading cause of cancer death among women (1). The prevalence of breast cancer has increased in the recent years, mainly due to the implementation of an early screening mammography (2). Although there is still no effective way to prevent breast cancer, studies have shown that early detection and treatment can increase the chance of full recovery for the patients (3).

Digital mammography (DM) using 2D technique, as a widely used tool for detecting breast cancer, has a serious limitation that the visibility of lesions may be decreased since they are frequently obscured by dense fibroglandular and other normal tissues within the breast (4), which often leads to a missed diagnosis or misdiagnosis (5). To address this issue, digital breast tomosynthesis (DBT) rotates the X-ray tubes in a limited angle, thus allowing an improved identification of anomalies obscured by normal tissues (6, 7). Therefore, the DBT is commonly considered to be capable of decreasing the recall rates and increasing the detection rates for breast cancer compared with DM (8). Magnetic resonance imaging (MRI), as another popular tool for breast screening, has been demonstrated to be very sensitive in detecting breast cancer (9). While, the relative low specificity of MRI screening may lead to a high rate of overtreatment (10). Besides, the high examination fees of MRI also hinder the clinical application in early breast screening.

In the clinical practice, the diagnosis of breast cancer based on DM, DBT, or MRI mainly relies on visual inspections of the morphological changes of breast lesions, including size, shape, and gray level changes, and, thus, require experienced clinicians to make decisions. Previous reports have compared the diagnostic capabilities of DM with DBT (11, 12) and mammography with MRI (13, 14), all based on subjective visual examinations and the lack of quantified assessments. Recently, the radiomics-based computer aided diagnosis (CAD) has received increasing attention due to its quantitative advantages (15, 16). By using automated data characterization algorithms, the radiomics can extract and select discriminative and quantified features from a region of interest, which were shown to reflect biological information regarding the tumor and were highly correlated with disease status (17). Subsequent analysis, including statistics, machine learning classifiers, and nomogram can give associations between imaging features and the underlying pathophysiology (18). Radiomics-based studies on breast cancer have been proposed for predicting the axillary lymph node metastasis (19–23), molecular subtypes (24–28), tumor grades (29–31), and treatment responses (32–37). Some recent studies also conducted a radiomics-based quantified analysis for the diagnosis of breast cancer based on DM (38, 39), DBT (40, 41), and MRI (42, 43) separately, and demonstrated improvements of the diagnostic performance using radiomics compared with visual examinations by radiologists. A recent effort evaluated T2W, DCE, and DWI separately and in combination, but ignored the clinical values of mammography screening, and lack of correlating their findings with clinical evaluation, which may limit the clinical applicability (44).

To our knowledge, direct and quantified comparisons among MD, DBT, and MRI have not been reported. Therefore, the present study aims to widen the understanding of mammography and MRI in breast cancer screening by directly and quantitatively comparing the diagnostic efficiency of each modality individually and in combination. Besides, this study aims to propose a visualized clinical-radiomics nomogram based on the optimal imaging combination and important clinical factors for early assessment of suspected breast lesions.



Material and Methods


Patients

This retrospective analysis of breast DM, DBT, and MRI data was approved by the Institutional Research Ethics Board of our institute (Approval No. 2013010). The informed consent requirement was waived. A total of 120 patients [mean age ± standard deviation (SD), 48.81 ± 10.83] were enrolled between September 2017 and July 2018 in our hospital. The number of the patients harboring pathologically confirmed benign or malignant lesions were 50 and 70, respectively. Inclusion criteria were as follows: (i) older than 18 years; (ii) underwent DM, DBT, and MRI screening before surgery; and (iii) underwent surgical resection with pathological confirmation. Exclusion criteria were: (i) combined with other tumor diseases; (ii) during menstruation, pregnancy, or lactation periods; (iii) history of breast surgery, radiotherapy, or chemotherapy, as well as breast implants; and (iv) having artifacts in the images. All patients were randomly divided into training and validation cohorts at a 2:1 ratio using stratified sampling. Clinical factors including age, family history of breast cancer, history of biopsy, and menstruation status were obtained from the electronic medical record system of our hospital.



Digital Mammography, Digital Breast Tomosynthesis, and Magnetic Resonance Imaging Acquisitions 

Preoperative DM and DBT examinations were performed by a radiographer with 10 years of work experience using a DBT scanner (Hologic Selenia Dimensions, Hologic, USA). The obtained images of the compressed breast were reconstructed with a 1-mm intersection spacing to give a three-dimensional view of the tissue, slice by slice, and suitably spaced. The number of the slices depends on the compressed breast thickness. The following parameters were used to perform the DBT scanning: The voltage range of the X-ray tubes: 20.0–49.0 kV (step: 1.0 kV), nominal power: 3.0 kW, current time range: 300–400 mAs, scanning time < 4.0 s, reconstruction time: 2.0–5.0 s, and pixel size: 70 μm. The obtained DBT images were interpreted on a Hologic breast computer-aided diagnosis (CAD) workstation (SecureViewDx; Hologic) equipped with two 5-megapixel monitors.

Preoperative MRI scans were performed using a 1.5-T MRI scanner (HDx, GE Healthcare). The axial diffusion-weighted imaging was used with the following parameters: the b-value: 800 s/mm2, repetition time (TR)/echo time (TE)/inversion time (TI): 5,000 ms/64 ms/0 ms, flip angle: 90°, slice thickness: 6 mm, slice gap: 7.5 mm, field of view: 240 mm, matrix size: 128 × 128. The axially vibrant sequence (a 3D T1-weighted imaging technique covering bilateral breasts conventional scans or dynamic enhanced scans to obtain axial or sagittal images with high signal-to-noise ratio and high resolution) with the following parameters: TR/TE/TI: 6.2 ms/3.0 ms/13 ms; flip angle: 10°; slice thickness: 3.2 mm; slice gap: 3.2 mm, 48 slices per volume; field of view: 360 mm; matrix size: 350 × 350. The contrast agent was injected intravenously (0.1 mmol/kg of Gd-DTPA-MBA, Omniscan, GE Healthcare), followed by a 20-mL saline flush, both at the rate of 3 ml/s. After the intravenous injection, continuous non-interval scans were performed in eight phases, with a scan time for each phase of 43 seconds. All scanned images were stored in the Picture Archiving and Communication System (PACS) in our hospital in a Digital Imaging and Communications in Medicine (DICOM) format. The details about their scan parameters are shown in Supplementary Tables S1, S2.



Breast Lesion Segmentation

Regions of interest (ROIs) were manually segmented slice by slice for each patient using the ITK-SNAP software (version 3.6.0) by a radiologist with 12 years of working experience according to the breast imaging reporting and data system (BI-RADS). The radiologist was blinded to the pathological results for the patients. The ROIs included the breast lesions and edges, exporting as a compressed package in an NII format for further analysis.



Radiomics Feature Extraction

Radiomics features including 18 first-order statistical, 13 shape-based, and 74 textual features were extracted based on the segmented ROIs using the Pyradiomics package in Python 3.6 (https://pyradiomics.readthedocs.io/en/). The texture feature category consists of the gray level cooccurence matrix (GLCM), gray level run length matrix (GLRLM), gray level size zone matrix (GLSZM), neighboring gray tone difference matrix (NGTDM), and gray level dependence matrix (GLDM) features. The first-order and texture features were also calculated from the original images that were filtered with eight types of filters: logarithm, square, gradient, exponential, laplacian of Gaussian, wavelet, and localbinarypattern2D (45). Detailed descriptions of the features and calculation protocols can be found in a previous report (46).



Feature Selection

To obtain reliable and discriminative features, 30 patients were randomly selected to perform the intraclass correlation coefficient (ICC) analysis (47), 15 from the training group and 15 from the validation group. The ROIs were double-blind segmented by another radiologist with 8 years of working experience. Features with ICC > 0.75 were retained, then further selected by the Mann-Whitney U test. Features with P < 0.05 were considered significant variables between the benign and malignant groups. Finally, the least absolute shrinkage and selection operator (LASSO) logistic regression was used to identify the most discriminative features with a 10-fold cross-validation for selecting the parameter lambda using the “glmnet” package in R language v3.6 (available from URL: https://www.r-project.org) (48).



Development of the Radiomics Signature, Clinical Model, and Nomogram 

The radiomics signature formula was calculated for each patient by a linear combination of the selected features weighted by the respective LASSO coefficients. The logistic regression was used to identify the discriminative clinical predictors. A clinical model was established using the multivariate logistic regression with the Akaike’s Information Criterion (AIC) as the stopping rule (49). A radiomics nomogram for differentiating benign and malignant lesions was constructed incorporating the radiomics signature and the most important clinical factors using the “rms” package in R v.3.6.



Statistical Analysis

The Mann-Whitney U-test, t-test, Chi-Square test, and Shapiro-Wilk test were performed on continuous and discrete variables, respectively. All hypothesis tests were two-sided. The ROC curve analysis was performed to evaluate the diagnostic performance of each model, with the area under the ROC curve (AUC), accuracy, sensitivity, and specificity calculated as comparison metrics. The optimal cutoff value was obtained on the ROC curve with the maximum Youden index (50). ROC curves were evaluated with the DeLong test using the “pROC” package in R. Calibration curves were plotted to assess the calibration of the model-predicted results with truth values. The decision curve analysis (DCA) (51) was performed using the “rmda” package to assess the potential clinical usefulness of the models.




Results


Patient Characteristics

The clinical characteristics of the patients were statistically analyzed and shown in Table 1. The age and menstruation status were significantly different between the benign and malignant groups (P < 0.05). No statistical difference was observed in the types of family history and history of biopsy. A clinical model was built integrating the age and menstruation status for detecting malignant lesions.


Table 1 | >Statistical analysis results of clinical characteristics.





Evaluation of Diagnostic Performance of Digital Mammography, Digital Breast Tomosynthesis, and Magnetic Resonance Imaging

Diagnostic performance of the radiomics signature derived from the DM, DBT, DCE, and DWI individually and in combination were assessed (Table 2). Figure 1 shows the ROC curves of each radiomics signature. The results indicated that the DCE generated the highest AUCs and sensitivities among the four modalities, but had relatively low specificities. The diagnostic performance of DWI plus DCE was significantly higher than DM plus DBT in terms of sensitivity. Besides, the DWI plus DCE yielded the highest positive predictive values (PPV) and the lowest misdiagnosis rates.


Table 2 | Diagnostic performance of each modality used alone and in combination.






Figure 1 | ROC curves of the DM, DBT, DCE MRI and DWI MRI used individually and in comibination in the training (A) and validation (B) cohort.





Development of the Combined Radiomics Signature and Nomogram

Radiomics features selected from the four modalities were combined and further selected to generate a combined feature set consisting of seven features, three from DBT, two from DCE, and two from DWI. Diagnostic performance of each feature was evaluated and is listed in Table 3. The combined radiomics signature (combined Rad score, Supplementary S3.) integrating the seven features and their corresponding LASSO coefficients was built and shown as follows: 

	


Table 3 | Diagnostic performance of the selected features for the diagnosis of breast lesions.



A radiomics nomogram was constructed integrating the combined Rad score with the age and menstruation status (Figure 2A). The risk of being a malignant lesion can be read off the scale in the last row by vertically drawing a line from the total points. Calibration curves are shown in Figures 2B, C, indicating acceptable agreements between the nomogram-estimated probabilities and actual outcomes of the lesions. The 45-degree blue line and the red dotted line represent an ideal diagnosis and the performance of our nomogram, respectively. As the red dotted line is closer to the blue line represents a better diagnostic performance. Figures 2D, E show that the nomogram exhibited better diagnostic capabilities compared with the combined Rad score or the clinical model alone (AUCs in the training cohort, nomogram vs. combined Rad score vs. clinical model, 0.975 vs. 0.964 vs. 0.782; AUCs in the validation cohort, nomogram vs. combined Rad score vs. clinical model, 0.978 vs. 0.983 vs. 0.690). The diagnostic performance of the combined Rad score, clinical model and nomogram are shown in Table 4.




Figure 2 | Development and validation of the nomogram model integrating the combined Rad score, age and menstruation status. (A) Construction of the nomogram; (B, C), Calibration curves of the nomogram in the training (B) and validation (C) cohort; (D, E), ROC curves of the nomogram, combined Rad score and clinical model in the training (D) and validation (E) cohort.




Table 4 | Comparison of the clinical model, BI-RADS assessment, combined Rad score, and nomogram.



Figure 3 shows the results of the decision curve analysis for each model. The nomogram exhibited a greater net benefit compared with the combined Rad score or the clinical model. When the threshold probability of the patient was between 0.44 and 0.68, or over 0.78, a greater benefit can be obtained by using the nomogram, indicating a good potential in clinical applications.




Figure 3 | Showed results of the decision curve analysis for each model. The nomogram exhibited greater net benefit compared with the combined Rad score or the clinical model. When the threshold probability of the patient was between 0.44 and 0.68, or over 0.78, greater benefit can be obtained by using the nomogram, indicating good potential in clinical applications.






Discussion

Prior to this study, there have been researches evaluating the diagnostic capabilities of DM (32, 38, 39), DBT (40, 41), MRI (42–44) separately for detecting breast cancer, all based on subjective visual examinations, and lack of direct and quantitative comparisons of different modalities. On the contrary, this study performed comprehensive radiomics analyses to quantitatively assess the diagnostic performance of different modalities separately and in combination. We found that the radiomics signature derived from DM always showed the worst diagnostic performance in terms of AUC, sensitivity, and specificity compared with the other individual modalities. This may be explainable since the DM only obtains one image, which may lead to overlapping glands, and, hence, is not sufficient to analyze the distribution of dense and adipose tissues (52). The result was in accordance with previous studies that also showed the DM-based diagnosis often leads to high false negative and false positive rates due to the fact that the lesions may be obscured or hidden by the overlapping fibroglandular tissues (5, 53). The addition of DBT to DM can significantly improve the diagnostic AUC, accuracy, specificity, PPV, and NPV, and generate a similar sensitivity compared with the DM alone. This was in line with some previous reports that also indicated that breast DBT can lead to improvements in AUC and specificity by visual assessments (54, 55). This may be because the DBT can improve the lesion visibility by providing thin section tomographic images and reducing the overlap of breast tissues, and, hence, represents a clearer edge, shape, and structure of the lesion. The addition of DBT to DM did not improve the diagnostic sensitivity by visual assessments compared with DM alone as reported in an earlier study (14). The discordance may be because they performed the research with a cancer-only population. The DCE plus DWI yielded higher AUCs and sensitivities, but lower specificities than the DM plus DBT. The result was partially in line with a previous literature that also indicated that the MRI was superior to the X-ray technology in the diagnostic AUC and sensitivity, but weaker in the specificity (14, 56).

The DBT showed a similar diagnostic AUC, slightly increased specificity, and lower sensitivity compared with DCE or DWI, which was in line with a previous research that also demonstrated the inferiority of breast DBT in the sensitivity compared with MRI by visual examinations (14, 53, 57). This may be explained since the DCE can reflect the neoangiogenesis within the tumor that is associated with the growth and progression of the malignant tumor (58). While, the DWI can represent tissue microenvironments and membrane integrities through depicting the diffusivity of the tissues (59). Therefore, the MRI tends to be more sensitive than DBT or DM on tumors with higher malignant degrees. The DCE yielded higher AUC, accuracy, sensitivity, and specificity compared with DWI, which may be due to the higher resolution and the use of a contrast agent in DCE (44). We found that the addition of DBT to MRI (DBT plus DCE plus DWI) can increase the AUC and sensitivity compared with MRI alone (DCE plus DWI). This indicated that the DBT and MRI are complementary, their combination can significantly improve the predictive capabilities. While, our results were inconsistent with a previous report that showed no improvement in the diagnostic sensitivity by combing DM, DBT, DCE, and ultrasound (60). Since they involved ultrasound, direct comparisons between our study and their work was impossible.

In the clinical practice, although integrating MRI with X-rays allows the radiologists to give judgments more easily, the diagnosis still relies on subjective experiences. We selected a total of seven quantitative features as the most important predictors, three from DBT, two from DCE, and two from DWI. There were one original and six transformed features. The developed combined Rad score integrating these features significantly improved the diagnostic performance compared with any modality alone. The Original_glcm_ClusterShade feature measures the skewness and the uniformity of the gray level co-occurrence matrix within the tumor. A higher value of this feature implies a greater asymmetry about the mean and a greater heterogeneity of the lesion. We found that this feature was bigger in the malignant lesions than in the benign lesions, which suggests that a tumor with more asymmetry and complexity in the tumor texture tends to be malignant. Among the six transformed features, one belonged to the first-order and five belonged to the textural feature class. The first-order feature describes the distribution of voxel intensities in the image region. While, the textural feature quantifies the complexity of a tumor and the thickness of the texture. Our findings suggest that the tumor heterogeneity may be closely related to breast cancer, since textural features in the medical image often reflect tumor heterogeneities. The results were partially in line with previous studies that also highlighted the correlations between the textural features and breast cancer (61, 62). Our findings may explain that the proposed combined Rad score can significantly improve the diagnostic performance with regard to AUC and sensitivity than visual assessments, since most of the identified features (6 of 7) were derived from the transformed images that were generated by filtering the original images with various filters, and, thus, can hardly be understood by human.

A clinical model was built integrating age and menstruation status, and showed a lower AUC, sensitivity, and specificity than the combined Rad score. The nomogram incorporating the combined Rad score with the age and menstruation status achieved the best overall diagnostic performance compared with the combined Rad score, clinical model, and BI-RADS assessment. Decision curves demonstrated a better clinical usefulness of the nomogram with more net benefits across the majority of the range of threshold probabilities. Therefore, we suggest that our nomogram may be considered as an effective tool that can assist in decision making for the diagnosis of breast cancer. To use our nomogram, radiologists need to manually segment lesions on the DBT and MRI images for each patient, then calculate the probability of being benign or malignant. After that, clinicians can incorporate the nomogram-predicted probabilities with other clinical information to give a comprehensive decision on further examinations and treatments.

This study has limitations. First, this retrospective study had a relatively small sample size, which may cause inherent bias. Second, all data were obtained from a single hospital. Further multi-center trials are warranted to confirm the present findings. Third, our radiomic methods rely on manual segmentations of the ROIs, which were subjective and time-consuming. Future studies are needed to explore deep learning-based automatic segmentation methods on breast data.



Conclusions

Our results showed that the DBT performed similar to DCE and DWI in terms of AUC and sensitivity, but better in specificity for detecting malignant lesions. The DBT plus DM can provide a lower AUC and sensitivity, but a higher specificity compared with DCE plus DWI. The proposed nomogram achieved the best diagnostic performance, and may help clinicians make precise decisions regarding treatments.
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Purpose

This study established and verified a radiomics model for the preoperative prediction of the Ki67 index of gastrointestinal stromal tumors (GISTs).



Materials and Methods

A total of 344 patients with GISTs from three hospitals were divided into a training set and an external validation set. The tumor region of interest was delineated based on enhanced computed-tomography (CT) images to extract radiomic features. The Boruta algorithm was used for dimensionality reduction of the features, and the random forest algorithm was used to construct the model for radiomics prediction of the Ki67 index. The receiver operating characteristic (ROC) curve was used to evaluate the model’s performance and generalization ability.



Results

After dimensionality reduction, a feature subset having 21 radiomics features was generated. The generated radiomics model had an the area under curve (AUC) value of 0.835 (95% confidence interval(CI): 0.761–0.908) in the training set and 0.784 (95% CI: 0.691–0.874) in the external validation cohort.



Conclusion

The radiomics model of this study had the potential to predict the Ki67 index of GISTs preoperatively.
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Introduction

Gastrointestinal stromal tumors (GISTs) are the most common mesenchymal-derived tumors of the gastrointestinal tract, with complex biological behaviors. Recurrence and metastasis of GISTs are the main factors associated with patient survival. The pathogenesis of GISTs is mainly due to functional gene mutations of KIT, which lead to the continuous activation of the proto-oncogene receptor tyrosine kinase (1). The molecular targeted drug imatinib mesylate blocks tyrosine kinase-activated pathways and is often used to control postoperative recurrence of high-risk GISTs and in neoadjuvant therapy (2, 3).

The GISTs risk stratification criteria issued by the National Institution of Health is the most commonly used GISTs biological behavior and clinical outcome evaluation criteria (4). The mitosis count of the specimen is a significant factor in these criteria. However, the identification of mitosis count depends on the pathologists’ skills and experience, resulting in a problem of reproducibility of findings and affecting the risk stratification accuracy. Ki67 is a nuclear antigen related to proliferating cells and is a marker of cell division and proliferation activity. Its expression level correlates with the degree of tumor cell proliferation. Tumors with active proliferation are susceptible to invasion and distant metastasis (5, 6). The Ki67 index is evaluated by immunohistochemistry. In Ki67 immunohistochemistry, cell nuclei in proliferating cells are stained positively, while the nuclei in nonproliferating cells remain negative. Ki67 immunohistochemistry eliminates the bias in morphological observations and results in a consistent interpretation from different pathologists (7, 8). Second, Ki67 is expressed in all phases of the cell cycle (i.e., G1, S, G2, and M phases), whereas the mitosis is only present in the M phase. Ki67 index is more comprehensive and consistent compared with the mitosis count (9).

In the era of precision therapy for GISTs, the accurate prognosis stratification for patients suffering from GISTs is of great importance. Studies have found that patients with Ki67 index > 8% have a high risk of recurrence, which is an adverse factor for adjuvant imatinib therapy. Ki67 index can also play as an assistant in the stratified diagnosis and treatment among GISTs patients. The CT imaging characteristics, including size, contour, and tumor margin, are correlated with the Ki67 index in GISTs, suggesting that imaging features can be used to predict the expression of Ki67 in GISTs (9). Hence, in this study we constructed a prediction model of the Ki67 index (cutoff value of 8%) for patients with GISTs by extracting the texture and morphological features of tumors from enhanced CT images, and verified the model with independent external data to evaluate the generalization ability.



Materials and Methods


Patients

This retrospective study was approved by the Institutional Review Board of the First Affiliated Hospital Zhejiang University School of Medicine (Zhejiang, China). The signed informed consent forms were waived. This study included patients with GISTs in three hospitals from January 1, 2016, to July 1, 2020. The inclusion criteria of this study were as follows (1) GIST was diagnosed pathologically; (2) patient had enhanced CT examination within 15 days before surgery; and (3) the Ki67 index was reported in the pathological results. The exclusion criteria were patients who received neoadjuvant treatment with imatinib or other tyrosine kinase inhibitors before CT examination.

The Ki67 index was evaluated by immunohistochemistry within 7 days after surgical. The patients were divided into two groups based on the cutoff value of 8% for the Ki67 index: high-Ki67 group (Ki67 index >8%) and low-Ki67 group (Ki67 index ≤8%).

According to the above criteria, 344 patients with GISTs were included in this study. Data from the First Affiliated Hospital Zhejiang University School of Medicine (Zhejiang, China) were placed in the training set, and the data from the other two hospitals were placed in the external validation set. Descriptive statistical analyses were performed on the clinical data of the training and validation sets, where a t-test was used for continuous variables and a chi-square test was used for categorical variables. All statistical analyses were performed using R software (version 3.4.1; http://www.rproject.org). P < 0.05 (two-sided) was considered statistically significant.



CT Technology

The examination equipment included the Brilliance 64-slice spiral CT and the Brilliance 256-slice spiral CT scanners (Philips Healthcare), and the SOMATOM Definition dual-source CT scanner (Siemens Healthineers). The CT scanning range was from the diaphragm dome to the lower margin of the pubic symphysis and the scanning direction was from the cranial to caudal. The patients were required to hold their breath during the CT. The scanning parameters of the Philips’ CT scanners were 64 × 0.625 mm collimation, 250 mm field of view (FOV), 120 kV tube voltage, 250 mA tube current, 5 mm slice thickness, 5 mm slice interval, 0.4 s tube rotation time, 0.891 pitch, standard (B) algorithm, and 512 × 512 matrix. The scanning parameters of the Siemens’ CT scanner were 128 × 0.6 mm collimation, 50 min FOV, 120 kV tube voltage, 200 mA tube current, 0.5 s tube rotation time, 0.6 pitch, standard (B) algorithm, and 512 × 512 matrix. A high-pressure syringe was used to inject 70–100 mL of contrast agent into the patient’s antecubital vein at a flow rate of 2.5–3.5 mL/s. A plain scan, arterial phase scan at 25–30 s after contrast agent injection, and venous phase scan at 55–60 s after contrast agent injection were performed.



Image Segmentation and Feature Extraction

Tumor segmentation and radiomics feature calculation were based on MATLAB’s IBEX software package (10). On the arterial and venous phase CT images before the GIST surgery, the region of interest (ROI) was delineated in layers along the tumor contour’s edge (Figure 1). ROI segmentation was performed by a radiologist and confirmed by another radiologist. The two radiologists were blinded to the Ki67 index before ROI segmentation.




Figure 1 | A patient with intestinal gastrointestinal stromal tumor (GIST) belonging to the high malignant potential. (A) Arterial phase; (B) Venous phase; (C) Immunohistochemical photomicrograph showed a high Ki67 index (about 35%, original magnification, ×10); (D) Pathology demonstrated a high-risk GIST with a high mitotic rate (> 4/HPF, original magnification, ×20).



Before feature extraction, all images were resampled according to the voxel size of 1×1×1 mm3, and the gray-level value was normalized to 1–64 for preprocessing. The radiomics parameters used in this study included six categories, i.e., histogram parameter (n = 48), 2.5D and 3D gray-level co-occurrence matrix (n = 594), neighborhood gray-tone difference matrix (n = 10), gray-level run-length matrix (n = 34), and shape and size (n = 18). A total of 704 radiomics parameters were extracted from the lesions in each phase, so there were 1,408 radiomics parameters for each patient.



Dimensionality Reduction and Modeling

The radiomics features were first subjected to Spearman’s correlation analysis, with a correlation coefficient threshold of 0.8. Subsequently, the Boruta algorithm was used to perform dimensionality reduction again. The random forest classifier was used to construct a prediction model, perform 10-fold cross-validation on the training set, and eventually evaluate the model’s generalization ability in the external validation set. The performance of the model was evaluated on the basis of receiver operating characteristic (ROC) curves. Delong test was used to evaluate the AUC values of the model in the training set and external validation set. Then, the Brier score was used to quantify overall performance of the model. Brier score is the mean squared difference between the observed and predicted outcome. It is a combination of calibration and differentiation.




Results

The clinical characteristics of the patients with GISTs (Table 1) indicated no statistical differences in age, gender, and tumor location between the high-Ki67 group and the low-Ki67 group in the training or validation sets. In addition, no significant difference in the clinical characteristics was found between the training and external validation sets.


Table 1 | Patient characteristics in the training and external validation cohorts.



After dimensionality reduction, 21 radiomics features were identified, Among these, seven gray-level co-occurrence matrices features (3D), four shape and size features, three gray-level co-occurrence matrices features (2.5D), three neighborhood gray-tone difference matrix features, three histogram features and only one gray level run length matrix were selected. There were 13 features in the venous phase and four in the arterial phase (Figure 2). The ROC curve was used to evaluate the performance of the model. The AUC values of the training set and external validation set were 0.835 (95% confidence interval(CI): 0.761–0.908) and 0.784 (95% CI: 0.691–0.874), respectively (Figure 3). Brier score of the model was 0.14 in the training set and 0.16 in the external validation set. DeLong test has showed the prediction model had no significantly reduced efficiency in the external validation set.




Figure 2 | The importance of radiomics features. AP, arterial phase; VP, venous phase.






Figure 3 | The Receiver operating characteristic curve of the radiomics prediction model in the training set (red line) and external validation set (blue line).





Discussion

Based on CT images, the radiomics model’s performance in preoperative prediction of the Ki67 index was studied. Through independent external validation of multiple centers, this study show that the model performed well in predicting whether the Ki67 index was low or high and had good generalization ability.

With the extensive application of adjuvant imatinib therapy, studies have evaluated the correlation between the Ki67 index and adjuvant imatinib therapy. Kaplan-Meier survival analysis and multivariate analysis showed that patients with GISTs and a Ki67 index >8% had a worse prognosis, which was related to imatinib treatment. Particularly, in the high-risk GIST group the rate of recurrence was higher in patients with a Ki67 index >8% (11), suggesting that the Ki67 index >8% was an unfavorable factor for adjuvant imatinib therapy (12, 13). And Sugita et al. have found that 8% cutoff was a good supplementary prognostic factor for NIH risk stratification. Ki67 greater than 8% would indicate poor prognosis in both low - and intermediate-risk groups (14). Raut et al. also concluded that Ki67 was one of the reference markers for imatinib’s adjuvant treatment time after surgery (15). High Ki67 expression is associated with poor pathological characteristics and aggressive behaviors of GISTs and can be used as an independent prognostic marker of GISTs (16), But in the existing GIST diagnostic and treatment systems, although it is unrealistic to directly use the Ki67 index to replace the NIH risk stratification of GISTs, the Ki67 index (cutoff value of 8%) can become a supplement to the NIH risk stratification standard for evaluating the prognosis of high-risk GISTs and selecting a suitable population for adjuvant imatinib therapy. CT has the advantages of being noninvasive, objective, and convenient. Preoperative radiomics prediction of the Ki67 index (cutoff value of 8%) provided an additional value for evaluating the prognosis of GISTs.

Numerous studies have demonstrated a close relationship between the imaging characteristics of a tumor and the Ki67 index. The mean, median, and percentage of the apparent diffusion coefficient in functional diffusion imaging of hepatocellular carcinoma are significantly and negatively correlated with the Ki67 level (17). A study by Peng et al. established a multiple linear regression model for preoperative prediction of the Ki67 index of pulmonary nodules with ground-glass opacity based on computed tomography (CT) images (18). Previous studies on GIST imaging for predicting the Ki67 index had two cutoff values. A study by Li et al. used 5% as the cutoff value of the Ki67 index. Through logistic regression analysis, tumor size and ulcers’ presence were the most effective features to predict the Ki67 index being ≤5% or >5% in GISTs (19). A study by Zhang et al. set the cutoff value of the Ki67 index to 10% and used radiomics based on enhanced CT images to predict the Ki67 index of patients with GISTs. Their radiomics model performed well, and the AUC of the training set reached 0.801 (20).

NIH risk stratification has showed certain deficiencies with the extensive application of targeted therapies; and it has been removed from the National Comprehensive Cancer Network guidelines since 2015 (21). As a supplementary factor, Ki67 (8%) may make NIH risk stratification better, and its high consistency makes it possible to replace the counting of mitosis count and integrate with other parameters to be a new prognostic stratification (14, 22). Currently, most radiology studies of the GISTs are still focusing on NIH stratification, while those for Ki67 are relatively few. Our results were consistent with those of two previous similar studies, both suggesting that imaging could predict the Ki67 index level, and both found that tumor size played a very important role in Ki67 prediction. Ki67 is related to mitosis in cells, so the higher the index, the more active the tumor proliferation, resulting in a larger tumor size of GISTs (23, 24). Notably, most of the previous radiomics studies of GISTs were mainly single-center studies. The different scanning equipment, parameter settings, and post-processing reconstruction algorithms led to differences in radiomics parameters (25–27). The heterogeneity of single-center imaging data is low, and many prediction models have not been externally validated, so the possibility of overfitting is high (28). Although the prediction model’s performance in our study lower in the external validation set, it still maintained at 0.75. Delong test indicating that the model kept a reliable generalization ability.

In the post-NIH stratification era, the Ki67 imaging prediction research has certain clinical significance and great potential. This study has some limitations. First, it is a retrospective study with selection bias; further prospective studies are needed to verify our radiomics model. Second, although this was a multi-center study, we only collected data from three hospitals, and our sample size is small; further studies with a larger sample size with data collected from more hospitals will be necessary. Third, no uniform standard for selecting the cutoff value of the Ki67 index is available, and the cutoff values of the Ki67 index are still in dispute.



Conclusion

In summary, the Ki67 index (cutoff value of 8%) can assist NIH risk classification of GISTs, providing supplementary information for the prognostic evaluation of GISTs. As a noninvasive and objective examination, CT radiomics effectively predicted the Ki67 index of GISTs and has the potential for clinical translation. However, verification using multi-center, large sample data will be required before the radiomics model can be truly applied in clinical practices.
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Background

Hepatocellular carcinoma (HCC) is the sixth most common cancer in the world and the third leading cause of cancer-related death. Although the diagnostic scheme of HCC is currently undergoing refinement, the prognosis of HCC is still not satisfactory. In addition to certain factors, such as tumor size and number and vascular invasion displayed on traditional imaging, some histopathological features and gene expression parameters are also important for the prognosis of HCC patients. However, most parameters are based on postoperative pathological examinations, which cannot help with preoperative decision-making. As a new field, radiomics extracts high-throughput imaging data from different types of images to build models and predict clinical outcomes noninvasively before surgery, rendering it a powerful aid for making personalized treatment decisions preoperatively.



Objective

This study reviewed the workflow of radiomics and the research progress on magnetic resonance imaging (MRI) radiomics in the diagnosis and treatment of HCC.



Methods

A literature review was conducted by searching PubMed for search of relevant peer-reviewed articles published from May 2017 to June 2021.The search keywords included HCC, MRI, radiomics, deep learning, artificial intelligence, machine learning, neural network, texture analysis, diagnosis, histopathology, microvascular invasion, surgical resection, radiofrequency, recurrence, relapse, transarterial chemoembolization, targeted therapy, immunotherapy, therapeutic response, and prognosis.



Results

Radiomics features on MRI can be used as biomarkers to determine the differential diagnosis, histological grade, microvascular invasion status, gene expression status, local and systemic therapeutic responses, and prognosis of HCC patients.



Conclusion

Radiomics is a promising new imaging method. MRI radiomics has high application value in the diagnosis and treatment of HCC.





Keywords: hepatocellular carcinoma, magnetic resonance imaging, intravoxel incoherent motion, radiomics, immune checkpoint inhibitors, target therapies, therapeutic response, diagnosis



Introduction

Hepatocellular carcinoma (HCC) is the sixth most common cancer and the third leading cause of cancer-related death worldwide (1). Although the diagnostic criteria of HCC continue to improve, its prognosis remains unsatisfactory (2). In addition to certain factors, such as tumor size and number and vascular invasion displayed on traditional imaging, some histo-pathological features and gene expression parameters are also important in the prognoses of patients with HCC. However, many current staging systems for HCC have not taken into consideration the above-mentioned histopathological features or genetic traits beyond the size and number and vascular invasion of the tumor (3, 4). Most parameters are based on postoperative pathological examinations, which cannot help with preoperative decision-making. To better stratify HCC patients before surgery, make more accurate treatment decisions, and improve the prognoses of patients, there is an urgent need for a noninvasive method that can accurately predict the histo-pathological features and gene expression parameters before surgery. The rapid development of artificial intelligence has played an important role in personalized precision medicine (5). Radiomics, a new technology, can transform the potential histopathological and physiological information in images into high-dimensional quantitative image features that can be mined (6, 7).The study of radiomics will contribute to the early diagnosis and treatment of HCC and ultimately improve survival (8, 9). In recent years, many studies have confirmed the application values of magnetic resonance imaging (MRI) radiomics in the diagnosis and differentiation (10, 11), histological grading (12, 13), microvascular invasion (MVI)assessment (14, 15), radiogenomics (16, 17),prediction of relapse and prognosis after surgical resection (18–20), response to transarterial chemoembolization(TACE) (21, 22) and systemic treatment efficacy of HCC (23).

To better understand the research hotspots and trends of MRI radiomics in HCC, we used PubMed to identify important recent publications on MRI radiomics in HCC, selected research articles and reviews and used bibliometric method to visually analyze the countries, institution, authors, and keywords of MRI radiomics in HCC. Meanwhile, this study reviews the radiomics workflow from image acquisition and reconstruction, segmentation, feature extraction, feature selection and modeling to model validation, and the research progress of MRI radiomics in HCC.



Bibliometrics of MRI Radiomics in HCC

The authors conducted a literature review using PubMed to identify important recent publications and determine the current status of radiomics in HCC. A comprehensive list of MeSH terms and keywords was included in the search: HCC, MRI, radiomics, deep learning(DL), artificial intelligence, machine learning, neural network, texture analysis, diagnosis, histopathology, microvascular invasion, surgical resection, radiofrequency, recurrence, relapse, TACE, targeted therapy, immunotherapy, therapeutic response, and prognosis. The inclusion criteria were as follows: (1) original research articles and review articles published in the English language between May 2017 and June 2021; (2) literature related to MRI radiomics or DL; and (3) literature related to diagnosis and differentiation, histological grading, MVI assessment, radiogenomics, prediction of relapse and prognosis after surgical resection, response to TACE and systemic treatment efficacy of HCC. Articles that were not published in English and those containing irrelevant information on the subject were excluded. We also excluded articles that were published before May 2017 and after June 2021. In total, 129 articles were ultimately retrieved. After screening the titles, abstracts and full texts (if appropriate), only 84 papers met the criteria for inclusion (Figure 1). Those 84 papers were then downloaded with the record content of “Full Record and Cited References” and the file format of “Plain Text”. As CiteSpace can only recognize files named “download *.txt”, the files were renamed accordingly. The bibliometric software CiteSpace5.7.R2 (64 bits) was utilized for this study to visually analyze the countries, institution, authors, and keywords draw relevant charts. The articles originated from a total of 12 countries, and the top five countries were China (24), the USA (13), South Korea (5), Germany (3), and France (2). A total of 30 institutions published manuscripts independently or cooperatively. The top five institutions were the Chinese Academy of Sciences (12), Fudan University (10), GE Healthcare (8), Sun Yat-Sen University (7), and Sichuan University (5). Bin Song and Xin Li were the most prolific authors. Meng-Su Zeng, Jie Tian, and Dong-Sheng Gu were also active in this field. “Hepatocellular carcinoma” was the most important term, followed by “radiomics”, “recurrence”, and “microvascular invasion”. According to the link strength of keyword cooccurrence, the network was divided into eight clusters, and the largest cluster was “tumor differentiation (#0)” (Figure 2).




Figure 1 | Flow diagram of study selection.






Figure 2 | Bibliometrics of magnetic resonance imaging radiomics in hepatocellular carcinoma. (A) Co-occurrence map of countries. (B) Co-occurrence map of institutions. (C) Co-occurrence map of authors. (D) Terms in theco-occurrence network. (E) Terms in theco-occurrence clusters.





Radiomics Workflow

Radiomics extracts high-throughput features from images and transforms imaging data into high-resolution mining data spaces through machine learning (25). Quantitative radiological data can therefore be extracted and applied to clinical decision-making (25). The workflow of radiomics usually includes five steps (6), which are described below.



Image Acquisition and Reconstruction

Imaging techniques that can be used for radiomics include MRI, computed tomography (CT), positron-emission tomography, and ultrasound. Among them, MRI has the advantage of depicting more soft-tissue features. Radiomics is an imaging analysis method; thus, it is vital to standardize high-quality images (26–28). This makes it necessary to preprocess the imaging data; otherwise, a widely promoted standard scanning protocol is needed to reduce the variability in radiomic features and improve the performance of radiomic models (25, 29).



Image Segmentation

Manual, automatic, and semiautomatic segmentation are often used to segment the volume or region of interest in a target tissue (30). Manual segmentation is most reliable, but it involves intraobserver and interobserver variability. Its labor and time cost are high. The segmentation of an image often requires multiple clinicians or the same clinician at multiple times. The intraobserver and interobserver variability can be improved by screening the intraobserver and interobserver consistency. The purpose of automatic segmentation is to mark the regions of interest automatically by a computer. Semiautomatic segmentation involves manual corrections. Automatic segmentation algorithms include image segmentation based on thresholds, image segmentation based on region growing, and image segmentation based on edge detection. Some classical algorithms perform well at delineating liver lesions (31, 32).



Image Feature Extraction

Image features include semantic features and nonsemanticfeatures (33). Semantic features include qualitative (shapes, boundaries, etc.) and quantitative features, and their analysis depends on the radiologist’s knowledge. Nonsemantic features are quantitative descriptors extracted from tissues of interest, including shape and statistical features (34). The shape features of objects in images include topological features, distances, perimeters, areas, geometric features, and descriptions of shape and orientation. Statistical features can be further divided into first-order, second-order, and high-order features. First-order features are usually called density features, which involve gray-level histogram information simply describing the global distribution of gray levels in an image. Such features cannot describe the local distribution of gray levels in an image or the spatial position of each gray level (35). Second-order features are often called texture features. These reflect the relationships between adjacent voxels. High-order features are usually called filtering features and are generated by wavelet and Laplacian Gaussian filtering, for example, in addition to first-order and second-order features.



Feature Selection and Modeling

Many features can be extracted from a high-throughput image, but using all the features to analyze an image will lead to overfitting. The best features can be selected by dimensionality reduction to improve the efficiency of the model. The methods of feature selection can be divided into three categories: filter, wrapper, and embedded (36). The goal of radiomics is to establish a prediction model for clinical outcomes from selected features. The modeling methods include logistic regression, k-nearest neighbor, decision trees, ensemble learning, and support vector machines. It is recommended to test the effectiveness of several forecasting models to select the model with the best performance (37).



Model Validation

The prediction model can be validated by internal cross-validation, such that the model can be further optimized and the prediction performance can be maximized. Validation of the model should be carried out in a separate cohort (37). For differentiation analysis, the receiver operating characteristic (ROC) curve is the most commonly used method to evaluate the performance of the model. The area under the ROC curve (AUC) or the sensitivity and specificity of the model can be used to evaluate whether the model can predict clinical outcomes. For survival analysis, the concordance index (C-index) and the time-related ROC curve are usually used for validation (38).



Diagnosis and Differentiation

At present, the diagnosis of HCC is mainly based on imaging methods such as MRI, CT, and ultrasound. Because HCC has a typical enhancement mode, contrast-enhanced CT and dynamic contrast-enhanced MRI play important roles in the diagnosis of HCC (39–42). The European Association for the Study of the Liver standard (40) and the Liver Imaging Reporting and Data System (43) are widely recognized. However, the evaluation of imaging features may be subjective because radiologists have different experiences and different familiarities with the system (44, 45). Radiomics has important application value in the diagnosis of solid tumors because it uses advanced image processing technology to extract high-throughput data and quantitative analysis of tumor behavior and heterogeneity (6, 46–51).

Radiomics signatures based on conventional precontrast T1-weighted imaging, postcontrast T1-weighted imaging, T2-weighted imaging, diffusion-weighted imaging (DWI), and intravoxel incoherent motion (IVIM), whether alone or in combination with clinical data, are all valuable for HCC differentiation (52–59), and their differentiation efficiency is almost equal to that of experienced radiologists (10-year experience) (52). HCC, intrahepatic cholangiocarcinoma (ICC), and HCC-ICC have common risk factors (60, 61), and their typical qualitative MRI features may overlap (24, 62–64). Therefore, the conventional MRI diagnosis of HCC is still uncertain. According to Liu et al. (54), the imaging features extracted from MR images have great potential to differentiate combined hepatocellular cholangiocarcinoma from cholangiocarcinoma and HCC, showing a maximum AUC of 0.77. Recently, Zhu et al. (56) studied the application value of histogram features on IVIM-DWI in the differential diagnosis of HCC. They found that the histogram parameters of IVIM-DWI could distinguish hepatic hemangiomas, hepatic cysts, and HCC and that the volume of the pseudodiffusion coefficient and perfusion fraction had better diagnostic value than other histogram parameters (56).

In recent years, DL technology has been developed and has achieved excellent performance in the classification of hepatic lesions (65–71). Hamm CA et al. (65) developed a proof-of-concept convolutional neural network (CNN)-based DL system and classified 494 hepatic lesions from six categories on MRI. The system demonstrated 92% accuracy, 92% sensitivity and 98% specificity, and their results showed a 90% sensitivity for classifying HCC compared to 60%/70% for radiologists.



Histological Grading

The histological grading of HCC is key to determining the best treatment scheme and prognosis of a patient. High-grade HCC patients have a higher intrahepatic relapse rate than low-grade HCC patients (72, 73), and most high-grade HCC patients need larger safe resection margins and more frequent postoperative follow-up visits (74, 75). The radiomic features of precontrast T1-weighted imaging, postcontrast T1-weighted imaging, and T2-weighted imaging, whether alone or in combination with clinical data (76), are all valuable for identifying poorly differentiated HCC (13, 76–80). In addition, recent studies have shown the application value of functional MRI radiomics based on IVIM-DWI in predicting the pathological grade of HCC (12, 81, 82). Shi et al. (82)performed MRI on 52 HCC patients and extracted histogram indices from IVIM parameter maps. Eighteen IVIM histogram indices showed the capacity to differentiate histopathological grades. By establishing a diagnostic model based on logistic regression and integrating different histogram indices showing significant differences between different subgroups, the maximum diagnostic power for distinguishing HCC histological grades was obtained (AUC=0.917). This study indicated that histogram indices extracted from IVIM parameter maps had great potential in predicting histopathological grade (82). Geng et al. (12) extracted 107 radiomic features from SWI images of 53 HCC patients and Spearman correlation coefficients were used to evaluate the correlation between SWI radiomic features and histopathology. They found that the SWI radiomic features were significantly correlated with histopathological grades.



MVI

MVI is diagnosed depending on postoperative tissue specimens, but detection by conventional imaging is difficult. The presence of MVI indicates that the tumor has strong biological invasiveness, which can increase the relapse rate of HCC more than fourfold (83, 84). Accurate preoperative prediction of MVI of HCC can help doctors adjust treatment strategies in a timely manner (such as expanding the resection range), optimize treatment plans, reduce the risks of postoperative relapse, and improve the prognosis (84, 85). Enhanced MRI is helpful to predict MVI in HCC (83, 86–91). MRI-based radiomics (15, 92–102) and DL systems (103–106) have shown good performance in predicting MVI in HCC. The increase in clinicopathological risk factors and qualitative imaging features can improve the prediction efficiency of the model (14, 98, 107, 108). Li et al. (101) found that tumor volume–based IVIM histogram analysis can be used to predict MVI and that the fifth percentile of the true diffusion coefficient is most beneficial to predict MVI of HCC. Zhang et al. (107) extracted imaging features based on preoperative multimodal MR images and constructed an MVI prediction model (combined model) by combining the clinical features and qualitative imaging features of patients with HCC. The AUC in the validation cohort of their combined model was 0.858, which was higher than the AUC (0.820) in the validation cohort of the model constructed from individual radiomic features, indicating that the prediction efficiency of the combined model was higher. Song D et al. (104) predicted MVI using radiomics and DL in 601 patients with HCC based on preoperative MRI. Their results showed that the radiomics model achieved an AUC of 0.731, the DL model based only on MRI images achieved an AUC of 0.915, and a DL model combined with clinical parameters achieved an AUC of 0.931. These studies indicated that the model combining radiomics, DL, and clinical parameters showed the best predictive performance.



Radiogenomics

The biological behavior of a tumor is closely related to its gene expression profile. Biopsy is a widely used method to evaluate gene expression before surgery, but biopsy is an invasive examination that may cause bleeding and other complications. Therefore, patients are often unwilling to undergo this examination. In recent years, radiogenomics has gradually become more widely applied in HCC research. The purpose of radiogenomics is to determine the relationship between semantic and quantitative image data and genomic and molecular measurements, thus constructing correlation diagrams related to results or other clinical measurements (33, 109, 110). Segal et al. (111) evaluated the correlation between radiogenomic features and the liver cancer gene phenotype and reported that 78% of liver cancer gene expression profiles could be reconstructed by this combination of features. To date, radiogenomics studies have described the semantic features obtained from MRI (112–115). MRI radiogenomics has the value of predicting gene features with prognostic and therapeutic significance (16, 17, 116–123). Taouli et al. (113) found that there was a strong connection between imaging features, such as the “infiltrative pattern”, “mosaic appearance”, and “presence of macrovascular invasion”, and an aggressive genomic signature determined previously. Shi et al. (82) found that histogram indices extracted from IVIM parameter maps could predict Ki-67 expression. Jun et al. (124) used an immunohistochemical method to detect the expression of programmed cell death-1 (PD-1) and programmed cell death ligand-1 (PD-L1) in 98 ICC patients and extracted radiological features from the arterial phase and portal venous phase of preoperative MR images. The results indicated that the AUCs of the models for predicting PD-1 and PD-L1 expression were 0.897 and 0.897, respectively. The prognoses of PD-1-positive and PD-L1-positive patients were worse than those of PD-1-negative and PD-L1-negative patients, and their 5-year survival rates were 12.5%, 48.3%, 21.9%, and 39.4%, respectively (P < 0.05). The results indicated that MRI radiomics could be used as a noninvasive biomarker to evaluate the expression of PD-1 and PD-L1 and the prognosis of ICC patients (Table 1).


Table 1 | Summary of radiogenomics studies.





Prediction of Relapse and Prognosis After Surgical Resection

Surgical resection is still the main treatment for patients with early HCC (125). However, tumor relapse is still the main cause of postoperative death, and the 5-year relapse rate after surgery is close to 70% (126). Improving the ability to preoperatively identify these high-risk patients will guide surgical management, postoperative monitoring, and treatment intervention (127, 128). The radiomic model based on preoperative MRI can be used as a new tool to predict early relapse (18, 19, 129–134), relapse-free survival (135) and overall survival (OS) (136, 137) in patients with HCC after surgery. Hui et al. (130) used preoperative MRI to extract 290 texture parameters to predict the relapse of HCC patients within 730 days after surgical resection. The results showed that the prediction accuracy of texture features based on dynamic contrast-enhanced MRI in the equilibrium phase was 84%. Combining clinical, laboratory, and radiomic data can improve the performance of quantitative models (20, 129, 135, 136, 138). According to Kim et al. (135), the combined clinical and radiomic model had the same performance as the clinicopathological model in predicting early relapse. Zhang et al. evaluated the effectiveness of contrast-enhanced MRI radiomic features in predicting the OS of HCC patients after resection. Their results showed that preoperative clinical features and semantic imaging features were significantly correlated with survival rate; the Barcelona Clinic Liver Cancer stage, uneven tumor margin, and combined rad-score were independently correlated with OS; and the combined model incorporating radiological and radiomic features had a better prediction performance than the clinic-radiological model (136).



Prediction of Response to TACE

TACE is recognized as an effective treatment for advanced HCC (125), but its long-term efficacy needs to be further improved (139–141). MRI radiomics can be used to predict the response to TACE treatment and provide a reference for the formulation of individualized treatment plans (21, 22, 142–148). Sun et al. (142)predicted the risk of early postoperative progression based on multiparameter MRI data before TACE. The results showed that the AUC of the model based on DWI features was 0.786 and 0.729 when b=0 and b=500, respectively, followed by the AUC of T2-weighted imaging features (0.729) and the apparent diffusion coefficient (0.714). Compared with any single MRI signal, the MP-MRI signal had a higher AUC, at 0.800. Song et al. (143) revealed that their combined model incorporating radiomic features and clinical radiation risk factors had the best predictive value (C = 0.802).



Prediction of the Systemic Treatment Efficacy

The treatment of HCC has been a challenge. Systemic therapies for HCC are current research hotspots. Targeted therapy with sorafenib (149) and lenvatinib (150) and immunotherapy with immune checkpoint inhibitors, especially antibodies against PD-1/PD-L1 pathway members (nivolumab and pembrolizumab), have achieved excellent clinical results (151–158). These results strongly indicated that immune checkpoint inhibitor-based strategies will soon be primary method in the treatment of advanced HCC, and immunotherapy will introduce a new era of HCC therapy. Traditional contrast-enhanced CT and MRI, including functional imaging, are the most commonly used biomarkers for evaluating the therapeutic response in clinical practice (159–172). Research based on contrast-enhanced CT and MR images has shown the value of radiomics and DL in predicting systemic treatment efficacy for advanced HCC (23, 173–175). Mulé et al. (174) analyzed the CT texture features of 92 patients before receiving sorafenib and found that the entropy of portal phase-derived entropy at fine texture scales was an independent predictor of OS, which was confirmed in their validation cohort. Yuan et al. (173) established a radiomics nomogram and measured its ability to evaluate the therapeutic efficacy of anti-PD-1antibodies in the treatment of HCC by combining pretreatment contrast-enhanced CT images and clinical risk factors. The results indicated that the AUCs of the radiomics nomogram were 0.894 and 0.883 in the training and validation cohorts, respectively.

In recent years, MRI radiomics has gradually become more widely applied to systemic treatment evaluation of brain tumors (176, 177). There are still no reports on using MRI radiomics to evaluate the systemic treatments of patients with HCC. We believe that as research progresses, MRI radiomics will play an important role in the evaluation of systemic treatments for HCC in the near future.



Conclusion

As a new technology, radiomics can improve the diagnosis and differentiation of HCC, as well as predictions of the stage, histological grade, MVI, gene expression, treatment response, and prognosis of HCC. This is because it allows us to analyze the relationship between high-dimensional quantitative imaging features and clinical and genetic data. Moreover, it is a powerful tool for making personalized treatment decisions before surgery. With the rapid development of targeted therapy and immunotherapy for HCC, radiomics is expected to become a reliable radiological marker for predicting the therapeutic targets and therapeutic responses of HCC patients.

There are still some challenges and limitations in the clinical application of radiomics. First, a key challenge is to ensure that the academic community can obtain high-quality radiological and clinical resources that involve the establishment and promotion of imaging and clinical data acquisition protocols. Second, the analytical methods of radiomics need to be standardized. Third, many radiomics studies are retrospective, whereas a prospective research design is ideal. As technology advances and research progresses, MRI radiomics will play a more important and even irreplaceable role in the diagnosis and treatment of HCC.
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Background and Purpose

Chemoradiotherapy is the standard treatment for moderate and advanced oesophageal cancer. The aim of this study was to establish a predictive model based on enhanced computed tomography examination, and to evaluate its clinical value for detecting locoregional recurrence-free survival (LRFS) in cases of oesophageal squamous cell carcinoma after radiotherapy.



Materials and Methods

In total, 218 patients with pathologically diagnosed oesophageal squamous cell carcinoma who received radical chemoradiotherapy from July 2016 to December 2017 were collected in this study. Patients were randomly divided into either a training group (n=153) or a validation group (n=65) in a 7:3 ratio. Clinical patient information was then recorded. The enhanced computed tomography scan images of the patients were imported into 3D-slicer software (version 4.8.1), and the radiomic features were extracted by the Python programme package. In the training group, the dimensionality reduction of the radiomic features was implemented by Lasso regression, and then a radiological label, the model of predicting LRFS, was established and evaluated. To achieve a better prediction performance, the radiological label was combined with clinical risk factor information to construct a radiomics nomogram. A receiver operating characteristic curve was used to evaluate the efficacy of different models. Calibration curves were used to assess the consistency between the predicted and observed recurrence risk, and the Hosmer-Lemeshow method was used to test model fitness. The C-index evaluated the discriminating ability of the prediction model. Decision curve analysis was used to determine the clinical value of the constructed prediction model.



Results

Of the 218 patients followed up in this study, 44 patients (28.8%) in the training group and 21 patients (32.3%) in the validation group experienced recurrence. There was no difference in LRFS between the two groups (χ2 = 0.525, P=0.405). Lasso regression was used in the training group to select six significant radiomic features. The radiological label established using these six features had a satisfactory prediction performance. The C-index was 0.716 (95% CI: 0.645–0.787) in the training group and 0.718 (95% CI: 0.612–0.825) in the validation group. The radiomics nomogram, which included the radiological label and clinical risk factors, achieved a better prediction than the radiological label alone. The C-index was 0.742 (95% CI: 0.674–0.810) in the training group and 0.715 (95% CI: 0.609–0.820) in the validation group. The results of the calibration curve and decision curve analyses indicated that the radiomics nomogram was superior in predicting LRFS of oesophageal carcinoma after radiotherapy.



Conclusions

A radiological label was successfully established to predict the LRFS of oesophageal squamous cell carcinoma after radiotherapy. The radiomics nomogram was complementary to the clinical prognostic features and could improve the prediction of the LRFS after radiotherapy for oesophageal cancer.





Keywords: oesophageal squamous cell carcinoma, chemoradiotherapy, radiomics, enhanced CT, locoregional recurrence-free survival



Introduction

Oesophageal squamous cell carcinoma (ESCC) is the major histological subtype of oesophageal cancer, especially in high-incidence areas such as China (1–3). Most patients diagnosed with locally advanced oesophageal cancers lose the opportunity for surgery at the time of diagnosis; instead, the standard treatment of concurrent chemoradiotherapy is recommended (4). However, local recurrence is still the main cause of treatment failure (5). Once recurrence occurs, the patient’s prognosis is usually poor, with a reported survival time of 3–10 months (6, 7). Reducing the recurrence of oesophageal cancer is an urgent problem to be solved in clinical practice (8). For patients receiving concurrent chemoradiotherapy, the clinical stage is the most important factor for prognosis. However, due to tumour heterogeneity, large differences in recurrence occur even among patients at the same stage (9). Accurate quantification of the inherent heterogeneity of oesophageal cancer and a search for the factors affecting recurrence are crucial to improve local control and prolong survival (10). This will allow clinicians to adopt more active treatments (radiotherapy combined with targeted therapy, immunotherapy, etc.) in high-risk patients.

Radiomics technology is a great innovation in the field of medical image analysis (11). It extracts quantitative features from computed tomography (CT), magnetic resonance, and positron emission tomography images, among other modalities, to locate the changes in the internal characteristics of a tumour. The technology then combines these changes with the biological behaviour of the tumours to reach a precise diagnosis and treatment. Moreover, many studies have focused on predicting therapeutic efficacy (12–15), but few have investigated the prediction of locoregional recurrence-free survival (LRFS) in patients post-radiotherapy.

To explore the relationship between clinical characteristics, radiomic features, and local control after radiotherapy, we performed an enhanced CT scan before and after radiotherapy to select the factors with clinical value. We then constructed a model based on the radiomic characteristics combined with the clinical parameters. The model was used to predict the LRFS of ESCC patients receiving radiotherapy and to provide a theoretical reference for treatment.



Materials and Methods


Patients

Patients with pathologically confirmed ESCC and a Karnofsky Performance Status ≥70 who were receiving three-dimensional conformal or intensity-modulated radiotherapy were included in this study. Patients were excluded if they met the following criteria: 1) distant metastasis; 2) low-dose palliative radiotherapy; 3) preoperative or postoperative adjuvant radiotherapy; 4) incomplete clinicopathological information; 5) oesophageal fistula and oesophageal stent implantation; 6) image artifacts or tumour volumes are too small to be recognised on CT images, resulting in poor visualisation quality; or 7) previous malignant tumour history.

Ultimately, 218 patients who received three-dimensional conformal or intensity-modulated radiotherapy at the Fourth Hospital of Hebei Medical University from July 2016 to December 2017 were enrolled. The median age was 67 years (37–84 years) and the median lesion length was 5.0 cm (1.0–12.0 cm). All patients received electronic gastroscopy, oesophageal barium meal contrast, chest enhanced CT scan and abdominal ultrasound or CT examination before treatment, according to the eighth edition of the American Joint Committee on Cancer staging criteria (16).



Radiotherapy

Gross tumour volume included the primary oesophageal tumour and regional lymph nodes. The criteria for determining oesophageal lesions on CT images were oesophageal wall thickness >5 mm or non-airless oesophagus diameter >10 mm, localised or whole oesophageal wall thickening, and/or local lumen stenosis. The clinical target volume (CTV) was obtained by expanding the GTV to a margin to 2.0-3.0 cm at the long axis and 0.5 cm at the lateral axis. The planning target volume (PTV) was reached by CTV plus a margin of 0.5 cm. The prescription dose for the whole group was 50.0–66.0 Gy, the median dose was 60.0 Gy, and a single dose was 1.8–2.2 Gy.



Chemotherapy

A total of 90 patients received 1–2 cycles of concurrent chemotherapy, with the main regimens of FP (cisplatin, 12.5 mg/m2×5 days or 25 mg/m2×3 days; 5-fluorouracil, 450 to 500 mg/m2×5 days) or TP (paclitaxel, 135 mg/m2, d1,8 days; cisplatin, 25 mg/m2, d2, 3, 4 days, 28 days as a cycle, then 1, 5 weeks of administration).



CT Image Acquisition

CT images were collected before and within 1 month after chemoradiotherapy. All patients underwent standard chest contrast-enhanced CT scanning with a CT scanner (SOMATOM Definition Flash CT, SOMATOM Sensation Open CT, Forchheim, Germany). Scan parameters were as follows: tube voltage, 120 kV; tube current, 110 mA; scanning matrix, 512 x 512; conventional scanning layer thickness, 5.0 mm; reconstruction layer thickness, 1.0 mm; mediastinal window width, 350 HU; window position, 40 HU; lung window width, 1200 HU; and window position, -600 HU. In this study, enhanced CT images were used for tumour delineation and feature extraction.



CT Image Segmentation

The ROI profiling process is shown in Supplementary Figure 1, Arterial-phase CT images of 218 patients which were retrieved from PACS(Carestream) were imported into the 3D Slicer software (version 4.8.1, http://www.slicer.org), The tumours were manually segmented slice by slice using the software. and an attending physician with more than 5 years of clinical experience independently outlined the region of interest (ROI) of the oesophageal primary tumours. The lesion was considered to be tumours when the oesophageal wall showed focal thickening of ≥5 mm on imaging. Intraluminal air and contrast agent, fatty tissues, tumour necrosis surrounding the lesion, and blood vessels near the gross tumour were removed from the ROI, defined as an area with attenuation values below -50 HU and over 300 HU. The attending physician sketched all tumour ROIs, and the associate chief physician randomly selected 40 cases of sketched tumour ROIs for a consistency test.



Radiomic Feature Extraction and Selection

Radiomic features of the segmented 3D images were extracted using the Python programme package Pyradiomics 1.2.0.(Amsterdam Netherlands). A total of seven categories of imaging features were collected in this study. This included 18 first-order, 14 shape-based histogram, 24 grey level co-occurrence matrix, 16 grey level size zone matrix, 16 grey level run length matrix, 14 grayscale dependence matrix, and 5 neighbourhood grey-tone difference matrix features (17).

The intergroup correlation coefficient (ICC) was used to analyse the consistency of the radiomic features extracted from the ROI of the tumours in the training group. The features with good reproducibility (ICC>0.75) were selected. First, Spearman correlation analysis was performed for any two feature columns. R>0.9 indicated that the two features were highly correlated, and the features with large correlation coefficients with LRFS were retained. Second, the most useful predictive features were selected using the least absolute shrinkage and selection operator (LASSO) Cox regression model, which was applied to reduce high-dimensional data. Ten-fold cross-validation was used in the parameter tuning phase of the LASSO algorithm to extract the effective and predictive features.



Construction of the Radiological Label (Rad-Score) and Radiomics Nomogram

After the imaging features were screened by means of dimensionality reduction, Cox regression was used to calculate the regression coefficient (β). The weighted linear formula was as follows:

	

For a better prediction effect, a multivariate Cox proportional hazards model was utilised to build a radiomics nomogram. The nomogram was constructed by combining the radiomic signature with the mentioned conventional clinical parameters to determine the model with the optimal predictive performance.



Validation of the Radiological Label (Rad-Score) and Radiomics Nomogram

The efficacy of the radiological label in predicting post-radiotherapy LRFS was determined using the receiver operating characteristic curve. The C-index was used to evaluate the discrimination power, which was defined as the agreement between the predicted and actual RFS probabilities; decision curve analysis was then used to determine the clinical value of the constructed prediction model. Higher clinical utility was observed the farther away the decision curve was from the two extreme curves (treat-all and treat-none). In addition, we used the calibration curve to assess the predictive accuracy and the agreement between the actual and predicted RFS. The Akaike information criterion (AIC) was used to assess the probability of overfitting; a smaller AIC value indicated a better fit of the model.

Moreover, we evaluated the association between the radiological label and LRFS of oesophageal cancer by using Kaplan-Meier analysis in the training group. The optimal cut-off point was calculated to maximise the selection of rank statistics using X-tile software(New Haven USA). Then, the patients with radiological label values above the cut-off point were allocated into a high-risk group, while those with values below the cut-off point were allocated into the low-risk group. The log-rank test was used to measure the difference in survival curves between the two groups. We then performed the same analysis for the radiomics nomogram.



Statistical Analysis

Statistical analysis was performed using R software (version 3.4.4) and SPSS version 25.0 (IBM). Comparisons of patient characteristics were performed using the Mann-Whitney U-test or two-sample t-test. Univariate analysis used the Kaplan-Meier method to calculate and compare the LRFS of different groups of oesophageal cancer patients. A Cox proportional hazards model was utilised to screen the independent influencing factors of LRFS. P<0.05 was statistically significant.




Results


Analysis of the General Clinical Characteristics of Patients

In total, 218 patients (149 males, 69 females) with ESCC were enrolled in the study, with a median age of 67.0 (37.0–84.0) years. Patients were divided into either training or validation groups in a 7:3 ratio. There were 153 patients in the training group, including 106 males and 47 females, with a median age of 67.0 (37.0–81.0) years. The validation group consisted of 65 patients, including 43 males and 22 females, with a median age of 69.0 (46.0–84.0) years. There were no differences in the clinical characteristics between the two groups; P-values ranged from 0.051 to 0.982 (Table 1).


Table 1 | The distribution of general clinical factors in the training cohort and validation cohort.





Locoregional Recurrence-Free Survival of Patients

All patients with oesophageal cancer were followed up for the full length of the follow-up period. By the end of the last follow-up visit, 44 patients (28.8%) in the training group and 21 patients (32.3%) in the validation group had recurrence. The LRFS of patients in the training group at 1, 2 and 3 years was 77.8%, 71.2%, and 71.2%, and that of patients in the validation group was 75.4%, 66.2%, and 66.2%, respectively. There was no statistically significant difference in LRFS between the two groups (χ2 = 0.525, P=0.405). Univariate analysis of the data in the training group showed that the length of the lesion, the maximum layer wall thickness of the lesion before and after radiotherapy, aortic invasion, TNM stage, and the short-term efficacy after radiotherapy were correlated with LRFS after radiotherapy (P<0.05). The detailed results are listed in Table 2.


Table 2 | Relationship between general clinical characteristics and LRFS in patients with oesophageal cancer.





Selection of Radiomic Features Associated With Local Recurrence of Oesophageal Carcinoma

Of the 1037 radiomic features extracted from the CT images, 654 had an ICC value>0.75, indicating high reproducibility. Spearman correlation analysis was used to remove features with correlation coefficients greater than 0.9. Basing on the LASSO Cox regression model for LRFS, six radiomic features, including three before and three after radiotherapy, were selected. The correlation coefficients between the screened radiomics features are shown in Figure 1.




Figure 1 | Correlation coefficient between 6 radiomics features screened by Lasso regression in the training cohort.





Construction and Validation of the Radiological Label

A radiological label was established to predict LRFS in patients with oesophageal cancer after radiotherapy. The formula was expressed as follows:

	

The area under the curve of the radiological label for predicting LRFS after radiotherapy was 0.767 (95% CI: 0.688–0.846) in the training group and 0.728 (95% CI: 0.601–0.856) in the validation group. The C-index of the radiological labels in the training and validation groups were 0.716 (95% CI: 0.645–0.787) and 0.718 (95% CI: 0.612–0.825), respectively. The results of the calibration curves suggest that the radiological labels had a high goodness of fit (P>0.05) (Figure 2).




Figure 2 | Calibration curves of the radiological label were plotted to assess the agreement between LRFS predicted by the model and the observed LRFS.



The optimal cut-off point of the radiological label was 0.13, as generated by the X-tile software. Patients were divided into two groups: patients with radiomics signature ≥0.13 were classified as the high-risk group, and those with a score <0.13 were classified as the low-risk group. The distributions of radiomic signature values calculated from the training and validation groups are presented in Figure 3.




Figure 3 | Bar plot of the radiomics signature value for each patient in the training cohort (A) and the validation cohort (B). 0, good control (red); 1, local uncontrolled or recurrent (green).



The 1-, 2- and 3-year LRFS of patients in the low-risk group were 94.36%, 91.55%, and 91.55%, and those in the high-risk group were 65.85%, 53.66%, and 53.66%, respectively. The difference between groups was statistically significant (HR: 6.933 [2.926–16.425], P<0.0001) (Figure 4A). Similar results were obtained in the validation group (HR: 2.982 [1.006–8.818], P=0.037) (Figure 4B).




Figure 4 | Kaplan-Meier survival analyses of high-risk and low-risk groups divided by radiological label in the training cohort (A) and validation cohort (B).





Construction and Validation of the Radiomics Nomogram

Cox proportional hazard regression analysis showed that lesion length, TNM stage, and radiological label were independent predictors of LRFS after radiotherapy for oesophageal cancer. Based on the above results, we built a radiomics nomogram with the formula:

	

The area under the receiver operating characteristic curve was 0.790 (95% CI: 0.712–0.867) in the training group and 0.727 (95% CI: 0.598–0.856) in the validation group. The calibration curve suggested there was a high goodness of fit between the predictions of the radiomics nomogram and the actual probabilities of 1, 2, and 3-year LRFS (Figure 5). The C-index and AIC estimates for the different models are listed in Table 3. The C-index values of the radiomics nomogram were 0.742 (95% CI: 0.674–0.810) in the training cohort and 0.715 (95% CI: 0.609–0.820) in the validation cohort. Of all the models, this nomogram had the lowest AIC value in both the training group and the validation group. These results suggested that the predictive power of the radiomics nomogram for LRFS was significantly improved when compared with each feature set alone. Decision curve analysis showed that the radiomics nomogram produced a greater net benefit than the other predictive models, as presented in Figure 5.




Figure 5 | Radiomics nomogram for predicting LRFS of ESCC patients after radiotherapy. Length: 1, length of the oesophageal lesion ≤5 cm; 2, length of lesion >5 cm. TNM: 1, clinical stage I-III of oesophageal cancer; 2, clinical stage IV (A). Calibration curves of the radiomics nomogram in the training (B) and validation (C) cohorts. Potential incremental values of the radiomics nomogram relative to the radiological label were evaluated by net reclassification improvement (NRI) (D).




Table 3 | Discriminating performance of the radiological label and radiomics nomogram.



The radiomics nomogram yielded an optimal cut-off point of 0.56. Patients were divided into high-risk (≥0.56) and low-risk (<0.56) groups accordingly. The 1-, 2- and 3-year LRFS of patients in the low-risk group were 90.19%, 85.29%, and 85.29%, and those in the high-risk group were 56.86%, 43.14%, and 43.14%, respectively. The difference was statistically significant [HR: 5.119 (2.735–9.580), P<0.0001] (Figure 6A). Similar conclusions were reached in the validation group [HR: 2.829 (1.152–6.947), P=0.018] (Figure 6B).




Figure 6 | Kaplan-Meier survival analyses of high-risk and low-risk groups divided by the radiomics nomogram in the training (A) and validation (B) cohorts.






Discussion

As well known, chemoradiotherapy was the standard treatment for the patients of local advanced oesophageal cancer (12). However, a high local recurrence rate still remains (15), and once recurrence was diagnosed, the median OS was 1 year (18), Many studies have suggested that tumour size, degree of differentiation and lymphovascular invasion were the independent factors in predicting the recurrence of oesophageal cancer after treatment (6, 19, 20), but these studies mainly focused on patients who received surgical treatment, and were not applicable to patients receiving radical chemoradiotherapy. Therefore, there is a need to find more effective markers to predict the LRFS of oesophageal cancer after radiotherapy, as this can help us to identify patients with a high recurrence risk to take more active intervention measures.

In clinical practice, CT plays an important role in the diagnosis, staging, efficacy evaluation, and prognosis monitoring of oesophageal cancer (21). However, images obtained in clinical applications cannot capture the underlying tumour characteristics. The value of the our study is that it proposes a novel method for predicting LRFS of patients with oesophageal cancer after chemoradiotherapy. The results of the study showed that radiological label, a non-invasive, quantitative, and low-cost parameter, was an independent factor in predicting LRFS. we concluded that radiological label combined with clinical features can improve the predictive ability. This approach is expected to identify people at high risk of recurrence and support decision-making in clinical treatment for patients with oesophageal cancer.

In this study, we established a radiological label using enhanced CT images before and after radiotherapy for predicting LRFS in patients with oesophageal cancer. The model contains six radiomic features, five of which are textural features, which provide information about tumour heterogeneity for the assessment of the local oesophageal cancer recurrence. Many studies have explored the value of radiomics in clinical practice (22–28). The results of one study, carried out by Shen et al., suggested that by extracting preoperative CT image features, a radiomic signature can predict the lymph node metastasis status of oesophageal cancer. Thirteen radiomics features were significantly correlated with lymph node metastasis. Another study by Zhang et al. screened 11 imaging features that were significantly associated with the local control of nasopharyngeal carcinoma. Similarly, in our study, the radiological label that was established with six radiomics features obtained satisfactory results in predicting LRFS after radiotherapy for oesophageal cancer in both the training group (C-index, 0.716; 95% CI: 0.645–0.787) and validation group (C-index, 0.718; 95% CI: 0.612–0.825). The patients were stratified into high-risk and low-risk groups according to the radiological label value. The 1-, 2-, and 3-year LRFS values of the low-risk group were significantly higher than those of the high-risk group. The results of our study confirmed that the radiological label was an independent predictor of LRFS.

Our radiological label displayed a significant correlation with LRFS. However, clinical characteristics including lesion length, T stage, and N stage were also important influencing factors for local recurrence of oesophageal cancer (29), and these factors can be easily determined during treatment without increasing the burden on patients. Many studies have reported that combining radiological label with clinical risk factors can improve the accuracy of LRFS prediction (30–36). Therefore, we assumed that our model would achieve better performance when combined with these factors, and our results confirmed this hypothesis. The area under the receiver operating characteristic curve for our radiomics nomogram was 0.790 (95% CI: 0.712–0.867) in the training group and 0.727 (95% CI: 0.598–0.856) in the validation group. The C-index was 0.742 (95% CI: 0.674–0.810) in the training group and 0.715 (95% CI: 0.609–0.820) in the validation group. Encouragingly, our study was one of the first clinical studies to explore the use of radiomics in pretherapeutic assessment to predict LRFS after radiotherapy for oesophageal cancer.

Similarly, according to the principle of maximum selected rank statistics, the optimal cut-off point for predicting LRFS by radiomics nomogram was 0.56, and patients were divided into high-risk group and low-risk groups accordingly. There were significant differences in LRFS at 1-, 2-, and 3-year follow-up between the high-and low-risk groups based on this criterion, both in the training and validation sets. Our finding again supports the hypothesis that LRFS was better predicted in patients with oesophageal cancer after radiotherapy when the radiomics label was incorporated with clinical factors.

Admittedly, there were a few limitations in our study. First, patient representation was limited due to the study being conducted in a single-centre; however, as a regional radiotherapy centre, there were sufficient case resources. Furthermore, biases might have been present due to the retrospective nature of the study design; for example, the exact time of relapse of some patients was affected by memory bias over the follow-up period. Genomics was also an important method used to explore the heterogeneity of tumours and to implement individualised therapy. Therefore, to improve the accuracy of the prediction model, data from a larger multi-centre study is needed to further validate the stability and effectiveness of the model. In future clinical studies, key genetic markers that have been found to be closely related to local recurrence of oesophageal cancer should be added to the prediction model.

In conclusion, the predictive model established by combining enhanced-CT-derived radiomic characteristics with clinical risk factors has great potential and application prospect in predicting the local recurrence of oesophageal cancer after radiotherapy.
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Purpose

To construct a novel radiogenomics biomarker based on hypoxic-gene subset for the accurate prognostic prediction of clear cell renal cell carcinoma (ccRCC).



Materials and Methods

Initially, we screened for the desired hypoxic-gene subset by analysis using the GSEA database. Through univariate and multivariate cox regression hazard ratio analysis, survival-related hypoxia genes were identified, and a genomics signature was constructed in the TCGA database. Building on this, a hypoxia-gene related radiogenomics biomarker (prediction of hypoxia-genes signature by contrast-enhanced CT radiomics) was constructed in the TCIA-KIRC database by extracting features in the venous phase of contrast-enhanced CT images, selecting features using the mRMR and LASSO algorithms, and building logistic regression models. Finally, we validated the prognostic capability of the new biomarker for patients with ccRCC in an independent validation cohort at Huashan Hospital of Fudan University, Shanghai, China.



Results

The hypoxia-related genomics signature consisting of five genes (IFT57, PABPN1, RNF10, RNF19B and UBE2T) was shown to be significantly associated with survival for patients with ccRCC in the TCGA database, delineated by grouping of the signature expression as either low- or high-risk. In the TCIA database, we constructed a radiogenomics biomarker consisting of 13 radiomics features that were optimal predictors of hypoxia-gene signature expression levels (low- or high-risk) in patients at each institution, that demonstrated AUC values of 0.91 and 0.91 in the training and validation groups, respectively. In the independent validation cohort at Huashan Hospital, our radiogenomics biomarker was significantly associated with prognosis in patients with ccRCC (p=0.0059).



Conclusions

The novel prognostic radiogenomics biomarker that was constructed achieved excellent correlation with prognosis in both the cohort of TCGA/TCIA-KIRC database and the independent validation cohort of Huashan hospital patients with ccRCC. It is anticipated that this work may assist in clinical preferential treatment decisions and promote the process of precision theranostics in the future.
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Introduction

Recognized as the most common urinary cancer, renal cell carcinoma was responsible for more than 175,000 deaths worldwide in 2020 (1, 2). Clear cell renal cell carcinoma (ccRCC) is the predominant pathological type of kidney cancer, accounting for approximately 75% of these malignancies (3). Surgical resection remains the principal treatment for localized or locally advanced renal cell carcinoma. Although surgically resected localized renal cancers have a 5-year survival ranging from 80% - 95%, non-metastatic renal cancers deemed to be high risk have a probability of recurrence or metastasis as high as 30% - 40%, associated with an extremely high mortality rate (4). In recent years, due to widespread use of abdominal ultrasound and CT scans for vague symptoms, an increasing number of serendipitously discovered, asymptomatic renal cancers have been diagnosed. As noted previously, with rather wide variability in the prognosis of individual patients with ccRCC, there is an urgent need for more precise and readily defined prognostic parameters to group patients according to disease risk, to facilitate individualized clinical oncology treatment options.

Tumors are essentially a phenomenon of mutated gene expression as oncogenes and tumor suppressor genes. Genetic heterogeneity of cancer cells is the underlying cause for differences in drug resistance, disease progression, and patient survival (5–7). In contrast to normal cells, the metabolism of glucose by clear cell renal carcinoma cells, even in the presence of sufficient oxygen, is mainly via the glycolytic pathway. This ‘pseudo-hypoxia’ was found to be associated with the presence of genetic mutations and deletions in the majority of ccRCC. Hypoxia-inducible factor (HIF)-induced gene mutations promote tumor angiogenesis, metabolic reprogramming, and cancer cell proliferation (8–10). Most HIF targeted-genes are involved in hypoxic responses, and the expression status of hypoxia-related genes exerts a significant impact on the prognosis of patients with ccRCC (11, 12). Although a number of genetic mutations have been found in ccRCC (PBRM1, BAP1, SETD2, and KDM5C), effective and definitive genetic prognostic markers for gene expression in kidney cancer patients are lacking. Additionally, small specimens obtained by puncture biopsy do not accurately reflect the heterogeneity of gene expression across the entire tumor. Reliable information on tumor gene expression is usually obtained by genetic sequencing of surgically resected specimens. Highly invasive and costly for patients, they are not currently available on a large scale and lack universal prognostic guidance.

Radiogenomics is a promising technology in cancer-related research. Based on the use of automated, high-throughput feature extraction methods, it can provide insight into the occurrence, development and heterogeneity of tumors by deeply mining the biological nature of medical images and integrating them with genomic data (13). Likewise, this technique is potentially exceptionally promising for linking highly reproducible, non-invasive imaging features with the disease gene expression profile that is distinctly associated with a clinically meaningful prognosis (14). In recent years, radiogenomics has been reported covering a wide range of tumors, encompassing gene sequences, gene expression, molecular subtypes, and tumor heterogeneity (15–17), effectively providing direction for the formulation of clinical treatment plans, particularly devised for the individual patient.

The current study focused on an important prognostic factor in ccRCC: the association between hypoxia-related gene expression and the prognosis of patients with clear cell renal cell carcinoma. The intent was to develop a prognostic radiogenomics biomarker for ccRCC employing the TCIA-KIRC database, then utilizing radiomics to reflect the expression levels of hypoxia-associated gene subsets through contrast-enhanced CT features, and ultimately validating radiogenomics biomarker on a cohort of ccRCC patients from the Huashan Hospital dataset.



Materials and Methods


Datasets

The workflow of the study is depicted in Figure 1. The study included three cohorts. Cohort 1 contained transcriptome profiles and corresponding clinical data from TCGA-KIRC with the exception of TCIA, and was divided into training and validation groups. It was used to construct a prognostic risk model and determine the prognostic factors that contributed to hypoxia-related gene mutation. This cohort initially included 318 samples; 41 samples were excluded as there were either no clinical reports or insufficient survival data, leaving 277 samples for analysis. For Cohort 2, clinical and pathological information (including gender, age, T stage, M stage, Stage, Grade) as well as imaging and genetic data were obtained from The Cancer Genome Atlas (TCGA) study website. Multi-institutional medical imaging data were retrospectively obtained from The Cancer Imaging Archive (TCIA) renal clear cell carcinoma database. The data were collected with the permission of each institution’s ethics review committee and de-identified in accordance with the Health Insurance Portability and Accountability Act (HIPAA). Cohort 3 comprised subjects from Huashan Hospital, Fudan University, and the institutional review board approved the study and waived informed consent. Patients diagnosed with ccRCC who had undergone surgical resection with confirmatory pathology between January 2013 and December 2017 were considered for this retrospective study. The optimized risk prediction model based on genomic data was investigated in Cohort 1, and Cohort 2 was used to explore the relationship between hypoxic-related intratumor heterogeneity and the imaging signature. Cohort 3 was used to assess and validate the performance of the radiogenomics prognostic model.




Figure 1 | Workflow of the research.





Imaging Protocol

Cohort 2 initially included 245 patients for whom preoperative baseline abdominal CT or MRI examinations for ccRCC were available. Variations in imaging data in terms of examination modality, machine manufacturer and image acquisition protocol were taken into account. The data were screened according to both inclusion and exclusion criteria. Inclusion criteria included the following: (1) definite postoperative pathology of clear cell renal cell carcinoma with TNM stage; (2) complete imaging data on preoperative enhanced CT or MR scans, with image layer thickness <5 mm, tube voltage 120 KV, and matrix 512*512; and (3) clearly identifiable malignant lesions in the renal parenchymal phase on enhanced CT images. Exclusion criteria included: (1) poor quality enhanced CT images or significant artifacts affecting the region of interest; or (2) inability to successfully extract radiomics features from enhanced CT images. The detailed inclusion procedure is depicted in Figure S1.

In Cohort 3, CT examinations of all patients were performed using a 256-row CT system (Brilliance iCT, Philips Medical Systems, The Netherlands). All renal CT images were acquired using a standard three-phase scanning protocol, with parameters as follows: 120 kV; 150-200 mA; rotation time, 0.5-0.75 s; collimation, 128 × 0.625 mm; matrix, 512 × 512; and slice thickness, 1.5 mm. Patients were scanned in the supine position with breath held, inclusive from the top of the diaphragm to the lower edge of the kidney. The abdomen was first scanned, and the enhanced scan utilized a high-pressure syringe injection of a non-ionic contrast agent (1.5 ml/Kg, 3.0 ml/s), with scans at 30 s, 90 s and 300 s following injection to obtain cortical, parenchymal and excretory phase images, respectively. The inclusion and exclusion criteria for Cohort 3 were the same as for Cohort 2.

Cohort 2 initially included 136 samples as a training group from which exclusions included 11 with no obvious tumor, 8 due to poor imaging quality, and 25 with incomplete enhanced CT data. There were 127 males and 67 females with a mean age of 60.45 ± 11.64 years (range, 34 to 88 years). Cohort 3 served as a validation group, derived from Huashan Hospital as an independent prognostic testing dataset. Of 58 initial samples, 8 were excluded due to incomplete enhanced CT imaging data, leaving 50 samples as the final cohort (29 males and 21 females; mean age, 62.9 ± 12.17; range, 33 and 87 years).



Construction of the Hypoxia-Related Genomics Prognostic Model

The transcriptome data and the corresponding clinical survival data (including age, gender, grade, TMN) of the patients with ccRCC were obtained from the TCGA (https://portal.gdc.cancer.gov/). The hypoxic-associated genes were then obtained from GSEA. Univariate Cox proportional hazard regression analysis collected the candidate hypoxia-related genes, which significantly associated with the overall survival by using R-package “survival” (P < 0.05). Prognostic hypoxic-related genes were divided into risk related genes (hazard ratio, HR >1) and protective related genes (HR <1). The risk score for each patient was then calculated using a linear combination of characteristic gene expression, with characteristic gene expression weighted by their regression coefficients = (expression 1× coefficient gene 1) +(expression 2× coefficient gene 2) +… +(expressing 1× coefficient gene). Patients with ccRCC were divided into high-risk and low-risk groups according to the median risk score.



Image Processing and Region of Interest Sketching

In Cohorts 2 and 3, the enhanced CT image data were normalized and resized using the z-score method and the mean normalization method. Parenchymal phase CT images of each patient were used for radiomics feature extraction. For each image sequence, a radiologist (14 years of abdominal imaging experience) segmented the lesion contours on each slice using an open-source software (3D Slicer version 4.11.0; Boston, MA). Radiomic features were extracted for each stage of the 3D volume with a python-based radiomics software (Pyradiomics version 3.0.0; https://github.com/Radiomics/pyradiomics) (18). The extracted features are included in Supplementary Materials I.

Intra-class and inter-class correlation coefficients (ICC) were used to assess the reliability of the extracted features. A random selection of 50 patients underwent repeat region of interest (ROI) segmentation performed by the same and an additional radiologist (7 years of abdominal imaging experience) 30 days after the initial segmentation. Relevant clinical and pathological information was blinded to the radiologists.



Radiogenomics Signature Building

In Cohort 2, the extracted radiogenomics features were identified according to the following consecutive steps to construct the radiogenomics model. Initially, features with both intra- and inter- ICC greater than 0.75 were filtered out. Feature dimensionality reduction was further accomplished using the mRMR (minimum Redundancy, Maximum Relevance) method and the Least Absolute Shrinkage and Selection Operator (LASSO) algorithm to select the most optimal and robust features. These features were then combined with their coefficients in the LASSO regression to construct radiogenomics feature labels: Radscores. The Mann-Whitney U test was used to assess the ability of the newly created radiogenomics marker to group patients with different hypoxia gene set expression levels into low- or high-risk groups. We also used ROC curves and area under the curve (AUC) values to evaluate its performance.

We also combined the constructed radiogenomics biomarker with clinical and pathological factors to construct a nomogram which better visualizes the model and increases the reliability and predictive power. First, univariate cox regression analysis was performed for each clinical, pathological variable and radiogenomics biomarker, and then variables with P<0.05 in the univariate analysis were included in the multivariate Cox proportional risk model to determine the independent predictors of overall survival (OS). In the multivariate Cox regression, a combined model which consisting radiogenomics biomarker and other useful clinical and pathological factors was built by backward stepwise selection according to the Akaike Information Criterion (AIC), and a nomogram was constructed using R software. Internal validation of the predictive performance of the nomogram was carried out by 1000 resampling with the boots-trap method. ROC curves (1-year, 3-year and 5-year survival) were applied for evaluation. In addition, calibration curves were plotted to ensure the goodness of fit and reliability of the nomogram.



Radiogenomics Signature Validation

For further validation of the prognostic predictive power of our radiogenomics signature for ccRCC, we used Cohort 3, using the same steps as described previously for image acquisition and radiogenomics features extraction to produce the final radiogenomics scores. Kaplan-Meier curves were produced for overall survival of the patients based on this label, and the log-rank test was used to determine whether the new marker was successful in stratifying the prognosis of the patients. Hazard ratios (HR) and their 95% confidence intervals were obtained to assess survival differences between stratified groups. Univariate Cox regression models were used to further identify whether the radiogenomics signature were independently associated with OS.



Statistical Analysis

Cohort 1 comprised a training cohort (n=139) and a validation cohort (n=138) for which risk scores were calculated. Using univariate Cox proportional hazard regression analysis, based on the median risk score, the patients in the training cohort were divided into low- and high-risk groups, and the differences between the groups were evaluated and verified. The same approach was performed in the validation cohort, again separating patients into low- and high-risk groups. The radiogenomic features were then collected from the enhanced CT images to determine the relationship between the imaging report and the genome subcloning, intended to predict the patient survival. Finally, we evaluated the prognostic performance of the radiogenomics signatures on the Cohort 3 dataset with enhanced-CT and matched survival data.

The risk model based on hypoxia-related genes proved to be an independent prognostic factor by univariate and multivariate Cox proportional hazard regression analysis. Kaplan-Meier survival curves were constructed to evaluate differences of overall survival between groups. ROC (receiver operating characteristics) curve analysis was performed to evaluate the prediction performance of the risk model and the combined nomogram. Calibration curves were plotted to assess the accuracy and reliability of the combined nomogram. Two-tailed p-values of less than 0.05 were considered statistically significant. Statistical analyses were all performed on R software (version 3.6.3).




Results


Phase1: Training of Hypoxia-Related Genomic Subclone Model in Cohort 1

In the present study, the risk model was constructed to evaluate hypoxia-related gene status of patients with ccRCC. Initially, a univariate Cox analysis screened prognostic-related hypoxia genes. Then the LASSO Cox regression algorithm was performed to identify the most valuable prognostic hypoxia-related genes with non-zero regression coefficients (Figures 2A, B). This produced 5 gene signatures and the risk score of each patient was calculated by performing multivariate Cox analysis. IFT57 and RNF19B were identified as low-risk prognostic genes whereas PABPN1, RNF10 and UBE2T were considered high-risk prognostic factors (Figures 2C, D). The detailed information regarding the selected genes are shown in Table 1. The Risk score = (0.0234×expression of RABPN1) + (0.0670×expression of RNF10) + (0.0890×expression of UBE2T) – (0.0924×expression of IFT57) – (0.0432×expression of RNF19B). The risk model could be clearly separated from the PCA (Principal Component Analysis) analysis and the genomic signature established was independently correlated with the survival of ccRCC patients (Supplementary Materials II). The distribution of the risk scores as well as the relationship between the risk scores and survival data are illustrated in scatterplots (Figures 3A, B). Each of the patients with ccRCC was allocated into either a low- or high-risk group according to the median risk score. To comprehensively evaluate the prognostic value of these five gene signatures in the training group, Kaplan-Meier survival curves demonstrated that the patients in the high-risk group had a significantly shorter overall survival compared to patients in the low-risk group. These results were verified by the K-M survival curves in the validation set (Figures 3C, D).




Figure 2 | (A, B) After univariate logistic regression, the LASSO regression algorithm was performed to further identify the most valuable prognostic hypoxia-related genes with non-zero regression coefficient. (C) The heatmap of hypoxia-related prognostic genes expression level. (D) The high-risk hypoxia-related prognostic factors selected by multivariate Cox analysis.




Table 1 | Identification of prognostic hypoxia-related genes in the multivariate cox regression.






Figure 3 | The distribution of the risk scores as well as the relationship between the risk scores and survival status in the training cohort (A) and validation cohort(B).The result of K-M analysis for the hypoxia-related risk model in the training cohort (C) and validation cohort (D).



To further determine whether the risk-score constituted an independent prognostic factor that correlated with poor prognosis in patients with ccRCC, we performed both univariate and multivariate Cox proportional hazards regression analyses in both the training and validation sets. These revealed that age, stage, and Risk score were significantly associated with the OS of patients with ccRCC in the training set. Critically important, in the validation set, only the Risk score proved to be significantly associated with OS of patients with ccRCC (Figure S2). The correlation between the prognostic genes and pathology is shown in Figure 4.




Figure 4 | The correlation between the hypoxia-related prognostic genes and clinical pathological, such as Grade (A, C) and Stage (B, D), in the training cohort.





Phase 1: Validation of the Hypoxia-Related Genomics Model in Cohort 2

Based on the hypoxia-related prognostic genes obtained by the above method, we divided Cohort 2 into high- and low-risk groups according to the median value of the Risk score. The low-risk group had a lower death rate and longer survival (Supplementary Materials IV). The K-M survival curves indicated that the Risk score was inversely correlated with length of survival (Figure 7A). The AUC of the ROC curve of the risk model for overall survival is included in the Supplementary Materials.



Phase 2: Radiomics Feature Selection, Construction of the Radiogenomics Biomarker and Combined Nomogram

In Cohort 2, 136 patients were randomized to the training cohort. Enhanced CT images of the renal parenchymal phase from these patients were used to extract radiomics features, starting with 1218 radiomics features. An initial screen of intra- and inter-group ICC > 0.75 reduced the number to 827 features. The mRMR algorithm further downscaled the number of features to 30, following which the most dynamic and relevant features were finally selected for modeling using LASSO regression (Figure 5A). The 13 optimal features were combined by multivariate logistic regression for the expression status of the hypoxic gene subgroup, thereby constructing a radiogenomics signature, expressed as radiogenomics score. Details of the included radiomics features are shown in Figure 5B. The specific formulae for radiogenomics scores are presented in Supplementary Materials III.




Figure 5 | The Lasso regression procedure to select the optimist radiomics features (A). Features selected for hypoxia-related radiogenomics model construction (B). The violin plots of the radiogenomics model in the training cohort and the validation cohort (C). ROC curves shows that the radiogenomics biomarker could exactly distinguish patients into high- an low- hypoxia-related genomics grouping both in the training cohort and validation cohort (D). (E) Nomogram of the model incorporating radiogenomics marker and other effective clinical and pathological information through Cox regression. ****p < 0.001.



We then constructed a combined model incorporating clinical and pathological factors as well as the radiogenomics biomarker. Univariate Cox regression analysis showed that T-stage, M-stage, Grade, Stage and radiogenomics biomarker were associated with survival (P<0.05), and these five factors were included in the multivariate Cox regression. After backward stepwise selection, T stage, M stage, Grade and radiogenomics biomarker formed the final combined nomogram (Figure 5E). T stage (HR=2.33, P=0.02) and radiogenomics biomarker (HR=1.81, P=0.03) were shown to be independent predictors of survival (Table 2).


Table 2 | Uni- and multivariable cox regression analysis of predictors of overall survival in cohort 2.





Phase 2: Radiogenomics Model and Combined Nomogram Evaluation

The Mann-Whitney U test vividly demonstrates the ability of the radiogenomics signature to group hypoxic gene subsets, as depicted in a violin plot (Figure 5C). Shown in Figure 5D, this Radiogenomics score in the ROC curves discriminated well between high- and low-risk groups for the subset of hypoxia genes. The AUC values of the ROC curves reached 0.91 in the training group and 0.91 in the validation group.

The ROC curve demonstrated that the combined nomogram incorporating clinical and pathological factors and the radiogenomics biomarker was effective in predicting 1-year, 3-year and 5-year survival rates (AUC=0.789, 0.782, 0.731 respectively) in cohort 2 (Supplementary Materials V). It could further improve the predictive effectiveness of the model compared to the Radiogenomics biomarker alone. In addition, the calibration curves of the nomogram for predicting survival are close to the “actual curves” (Supplementary Materials V), indicating that the model fits well and is reliable.

In addition, the GSEA demonstrated that linoleic acid/alpha linolenic/glycerophospholipid metabolism and oxidative phosphorylation were significantly enriched in the high-risk model, whereas tight/adherens junction, renal cell carcinoma, ERBB signaling pathway, and the TGF beta signature pathway were enriched in the low-risk model. (Figure 6)




Figure 6 | Functional analysis of the risk model. GSEA analysis between high- and low-risk in TCGA. NES, normalized enrichment score; Nom, nominal; FDR, false discovery rate.





Phase 3: Validation of the Prognostic Predictive Performance for the Radiogenomics Biomarker

For the independent validation group, extraction of radiomics features needed to construct the radiogenomics model, and the radiogenomics score were determined for each patient in like manner to the techniques reviewed previously. Based on the best cut-off values of the radiogenomics scores in Cohort 2, 14 patients were included in the predicted-high risk group of hypoxic gene subset, while 36 patients were included in the low-risk group.

The results demonstrated that the radiogenomics signature was associated with overall survival (P <0.01) (Figure 7B). Univariable Cox regression analysis revealed that the radiogenomics biomarker proved to be an independent preoperative prognostic factor in patients with ccRCC (HR=1.57, P <0.01).




Figure 7 | The K-M analysis showed that the established radiogenomics biomarker could successfully divide ccRCC patients in to high- and low-risk, and possessing effective prognostic predictive ability both in the TCIA-KIRC (A) database and Huashan validation database (B).






Discussion

In this study, we focused on establishing the relationship between hypoxia gene expression and prognosis of patients with ccRCC. Our data confirmed that high- and low-risk grouping of hypoxia genes were significantly associated with prognosis. Furthermore, a non-invasive, efficient assessment of the expression level of hypoxic gene sets was performed utilizing a radiomics approach. Finally, this association of genomics and radiomics was verified in the validation set of ccRCC patients, and survival statistics established that our radiogenomics biomarker was capable of stratifying the prognosis of ccRCC patients. In addition, we combined A with validated clinical and pathological factors to build an integrated model and visualized it by means of a nomogram, further improving the reliability and predictive efficacy of the model. The reliability of the radiogenomics biomarker as an independent prognostic marker for ccRCC was further demonstrated in the multivariate COX regression. It would seem appropriate for this biomarker to serve as a non-invasive prognostic marker for ccRCC that could facilitate individualized, potentially targeted treatment of tumors.

A high frequency of VHL gene mutations has been observed in up to 80% of ccRCC. The function of the VHL protein (pVHL) has been well analyzed (9, 10). pVHL contributes to the ubiquitination and degradation of hypoxia-inducible factor (HIF), a transcription factor of VEGF, under hypoxic conditions. In contrast, mutations in the VHL gene lead to reduced degradation of HIF, and may lead to VEGF overexpression and angiogenesis, which in turn lead to the development of ccRCC. Therefore, the expression levels of hypoxia-associated gene sets are significantly associated with the prognosis of patients with ccRCC (19–21). Intratumoral heterogeneity has been cited as a cause of prognostic differences of individual patients, which is reflected by gene expression data. Methods currently in common use to describe tumor heterogeneity include genetic testing and histopathology. Such approaches confirm the heterogeneity of cancer at the genetic level and can yield greater insight into the establishment of effective treatments. However, they are often expensive and invasive. Moreover, the biological characteristics of the excised tumor tissue may differ somewhat from the tumor as a whole, thereby misrepresenting the actual tumor hypoxic gene expression.

Surgery remains the preferred treatment modality for limited kidney cancer as it lacks sensitivity to conventional radiotherapy and chemotherapy. For inoperable patients with intermediate to advanced ccRCC, targeted therapies and immunotherapy are often recommended. However, the heterogeneity of tumors between patients leads to extremely variable treatment responses, and current clinicopathological markers such as Fuhrman grading and TNM staging do not adequately or effectively reflect these biological differences. Clearly, novel independent prognostic biomarkers are needed to predict prognosis of ccRCC (22, 23). Genetic mutations are the principal initiators of tumor cell heterogeneity, and variations in the tumor gene set will continue to accumulate further altering the genetic profile. Therefore, many studies have been conducted to establish genetic biomarkers to predict the prognosis of ccRCC, and these markers have been associated with various physiological changes in the tumor, such as immune infiltration and metabolic changes, and have achieved good predictive results (24–26). Among these, hypoxia-associated genes have been important factors in the development of KIRC as well as predicting prognosis. An alternative method for this type of research is the use of gene chips, but their cost limits clinical application, and there remains a need for efficient, non-invasive and cost-effective clinical biomarkers.

In recent years, with the deep application of artificial intelligence in the field of image processing, radiomics has developed rapidly. Despite tumor imaging being principally limited to morphological features in routine clinical practice, the ability of imaging to provide a comprehensive view of the spatial-temporal heterogeneity of individual tumors is unmatched by other biomarkers and examination modalities. Radiomics can provide non-invasive tools to study tumor biology, capture tumor heterogeneity, and monitor tumor evolution and response to treatment. There have been numerous radiomics studies applied to the differential diagnosis, molecular typing and prognostic prediction of ccRCC (27–29). Unfortunately, neither the computational features extracted by traditional radiomics using machine-learning methods, nor the “black-box” selection of deep learning methods can explain the function of radiomics for the prediction of clinical events. The interpretability of these methods is not strong, and in particular, explanations of the underlying biological and molecular mechanisms are lacking. In contrast, radiogenomics profoundly reflects the nature of tumor heterogeneity and fully explains the latent causes affecting prognostic survival. Both excellent predictive results are achieved through radiogenomics approaches and the biology of this novel biomarker can be summarized in terms of the essence of cancer pathogenesis: relevant gene mutations, thus effectively improving the interpretability of the model and facilitating its future clinical application.

This study has some limitations: (1) the TCIA database contains imaging data from multiple centers with various imaging machines and image acquisition protocols. Although strict inclusion and exclusion criteria were used and the model was validated in an independent center, the results need to be further investigated in future clinical trials in more centers. (2) The region of interest was extracted in the venous phase and segmented manually during the radiomics feature extraction process, which may lack the heterogeneity of tumor features embedded in other phases of CT scans and may have some selection bias. (3) Different combinations of machine learning algorithms other than multivariate logistic regression and COX regression need to be considered in the future to integrate and optimize the best models for more effective feature selection and to improve model prediction performance. (4) More clinical and pathological factors may need to be incorporated in the future to improve the predictive power and reliability of the model.



Conclusions

In this study, a novel radiogenomics biomarker based on the expression of hypoxic gene subset was developed for the accurate prediction of prognosis in ccRCC. This new biomarker achieved good survival prediction in both the training set of TCIA/TCGA and the independent validation set of Huashan hospital and may assist in clinical preferential treatment decisions for ccRCC in the future and promote the process of precision prognosis and treatment.
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In the era of artificial intelligence and precision medicine, the use of quantitative imaging methodological approaches could improve the cancer patient’s therapeutic approaches. Specifically, our pilot study aims to explore whether CT texture features on both baseline and first post-treatment contrast-enhanced CT may act as a predictor of overall survival (OS) and progression-free survival (PFS) in metastatic melanoma (MM) patients treated with the PD-1 inhibitor Nivolumab. Ninety-four lesions from 32 patients treated with Nivolumab were analyzed. Manual segmentation was performed using a free-hand polygon approach by drawing a region of interest (ROI) around each target lesion (up to five lesions were selected per patient according to RECIST 1.1). Filtration-histogram-based texture analysis was employed using a commercially available research software called TexRAD (Feedback Medical Ltd, London, UK; https://fbkmed.com/texrad-landing-2/) Percentage changes in texture features were calculated to perform delta-radiomics analysis. Texture feature kurtosis at fine and medium filter scale predicted OS and PFS. A higher kurtosis is correlated with good prognosis; kurtosis values greater than 1.11 for SSF = 2 and 1.20 for SSF = 3 were indicators of higher OS (fine texture: 192 HR = 0.56, 95% CI = 0.32–0.96, p = 0.03; medium texture: HR = 0.54, 95% CI = 0.29–0.99, p = 0.04) and PFS (fine texture: HR = 0.53, 95% CI = 0.29–0.95, p = 0.03; medium texture: HR = 0.49, 209 95% CI = 0.25–0.96, p = 0.03). In delta-radiomics analysis, the entropy percentage variation correlated with OS and PFS. Increasing entropy indicates a worse outcome. An entropy variation greater than 5% was an indicator of bad prognosis. CT delta-texture analysis quantified as entropy predicted OS and PFS. Baseline CT texture quantified as kurtosis also predicted survival baseline. Further studies with larger cohorts are mandatory to confirm these promising exploratory results.
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Introduction

Immunotherapy is changing the landscape of oncology (1, 2). In particular, immune checkpoint inhibitors such as programmed cell death protein 1 (PD-1) inhibitors are demonstrating an increased overall survival and progression-free survival (OS and PFS) in patients with metastatic melanoma (MM) (2–5). However, some patients benefit less than others and many factors are involved in the varied response rates (6). Intra/inter-tumor heterogeneity (ITH) may represent one of the reasons why some patients with MM do not gain real benefits from immunotherapy (7).

Early identification of non-responding patients avoids potential unwanted side effects and reduces the economic burden associated with unnecessary treatments on healthcare providers (8). The development of robust biomarkers for immunotherapy response represents an ongoing important challenge and focus area for research and development (9–11). Although many predictive markers for immunotherapy response have been investigated in MM, validated reliable biomarkers have not yet been identified (12).

Nowadays, imaging criteria (i.e., RECIST 1.1) based on computed tomography (CT) remains the gold standard for evaluating treatment response in clinical trials (13). CT remains indispensable for diagnosis and follow-up as it is reproducible, standardized, and suitable for extracting qualitative–quantitative data (14). However, imaging patterns of the immune mechanism and its associated/atypical response in some patients significantly differ from those seen with the use of more common cytotoxic agents (15). Indeed, treatment response after immunotherapy can be associated with pseudo-progression or hyper-progression (15). To overcome RECIST 1.1 limits, other imaging criteria (i.e., irRECIST, irRC, and iRECIST) have been proposed in clinical trials (16, 17). However, since available evidence for these criteria is still limited in melanoma and may not fully capture all patterns of clinical responses, caution is recommended in the use of these criteria in routine clinical practices (18). Thus, there is an urgent need to look for predictive biomarkers of immunotherapy response in patients with MM in order to provide robust and objective clinical end points.

Radiomics is a promising field of research that uses quantitative imaging methodological approaches that could support the oncologist in treatment decisions (19, 20). An image-based radiomics approach can analyze quantitative information from the whole tumor volume and the multiple lesions located in different anatomical sites within a single examination (21). CT texture analysis (CTTA) provides a panel of quantitative parameters reflecting intra/inter-tumor heterogeneity associated with a high-risk phenotype (22, 23). The delta-radiomics approach allows the evaluation of baseline and post-therapy changes in texture features within target lesions, in order to determine temporal changes in tumor heterogeneity (24).

The purpose of this study was to explore features extracted on baseline CT and post-treatment (delta-radiomics features) as predictors of OS and PFS in patients with MM treated with the PD-1 inhibitor Nivolumab, and its ability to act as a novel imaging biomarker for predicting survival.



Materials and Methods


Study Population

Institutional review board approval was obtained for this retrospective study with a waiver of informed consent. At first, 78 MM patients treated with anti-PD-1 therapy, from January 2015 to February 2019, were included in the study. Patient data were extracted from our institutional oncologic digital database and RIS/PACS system (Centricity RIS/PACS, GE-Healthcare). Patients were included in the study only if they had both a contrast-enhanced CT and LDH measurements obtained at baseline/pre-therapy (within 1 month before the start of therapy) and initial post-therapy (about 3 months from the start of therapy). Crucial inclusion criteria of patients in this study required that contrast CT had been performed on the same scanner and with the same institutional protocol for the whole body. Schematic evolution of study population is represented in Figure 1.




Figure 1 | Schematic characteristics of patients enrolled in the study.





Survival End Points

OS and PFS were chosen as end points. OS was defined as the time between the beginning of PD-1 inhibitor therapy and the death of patients. PFS was defined as the time between the beginning of PD-1 inhibitor therapy and the evidence of progressive disease (PD) at CT examination, according to RECIST 1.1. Patients, alive or without evidence of PD at the end of the follow-up, were censored to the last follow-up visit.



Clinical Markers

Clinical variables considered for multivariate analysis were serum lactate dehydrogenase (LDH), the percentage change in LDH before and after therapy (PERC-LDH), and the number of metastatic sites involved (4, 25). All clinical variables were dichotomized to the following cutoff points based on the literature: LDH cutoff = 1.5 × upper limit of normal, PERC-LDH cutoff = 20%, and number of metastatic sites cutoff = 3 (11, 25).



CT Examination

CT scans were acquired within a month prior to the start of therapy and, subsequently, every 3 months or in the presence of clinical signs suggesting PD. Images were acquired using a 128 MDCT scanner (Brilliance CT, Philips Healthcare), 64 × 0.625 (128) detector width (mm). The tube voltage was 100 kVp; the tube current product was determined using the automatic tube current modulation (ATCM) technique (Dose Right, Philips Healthcare), with 200 mAs as a reference parameter to minimize radiation exposure. Other scan parameters were as follows: pitch, 0.891; rotation time, 0.4 s; field of view (FOV), 350 mm; slice thickness, 2.5 mm; slice increment, 1.25 mm; matrix 512 × 512; pixel spacing, 0.98 mm × 0.98 mm. After an initial non-contrast scan, all patients received intravenous contrast (Ultravist® 370; Schering AG and Iomeron® 400; Bracco Imaging Italia s.r.l.) at a dose of 1.3 ml/kg and 1.5 ml/kg, respectively, and both at a rate of 3.0 ml/s via a 20-gauge catheter placed in the antecubital vein, followed by 40 ml of saline at the same rate. A multiphasic scan was initiated at 15, 55, and 150 s after CT attenuation of the aortic lumen at the level of the celiac trunk, reaching the trigger attenuation threshold of 150 HU, covering the whole body. Raw data of CT scans were reconstructed with a standard filtered back-projection algorithm in the DICOM format, according to institutional protocol.



Region of Interest Segmentation and CT-Based Radiomic Texture Analysis

Manual segmentation was performed by drawing a region of interest (ROI) around each target lesion. Two radiologists with at least 10 years’ experience in oncologic and melanoma imaging, A.G. and F.M.F., evaluated target lesions, applied the RECIST 1.1 criteria, and drew the ROIs in consensus; successively, the same radiologists have evaluated therapy response (up to five lesions were selected per patient). We basically employed what is normally done in routine clinical practice when assessing response to treatment in these ontological patients to be as close and relevant to current practice. No bin width or size was employed, but each individual integer value in the unfiltered and filtered texture map was used (in other words integer binning) in the quantification of texture parameter-based histogram and statistical approach. Lesions with the largest diameter of less than 5 mm were excluded from the analysis. Indeed, smaller lesions will have fewer pixels/distribution of gray-level intensities whereby the statistics may not be optimum. Also, as the filtration-histogram-based texture analysis employed in this study uses a spatial scale filter (SSF) that extracts and enhances features of different sizes corresponding to the SSF value, to reduce the impact of lesion size on the quantification of texture metrics, we recommend that lesions should have a maximum diameter of at least 5 mm to provide a decent number of pixels (statistics)/gray-level intensity variation for extraction of texture features. We can still extract features within lesions <5 mm, but one may not be able to compute the different texture parameters at the higher SSF values. Each ROI was drawn on the slice through the largest diameter of the target lesion around the peripheral margin. Air, streak artifacts, and dense calcifications were excluded from the ROI. Texture feature extraction was performed on the baseline CT and the initial post-therapy contrast enhanced images (in DICOM format) acquired during venous phase. CTTA comprised a filtration-histogram technique. The filtration step, using a Laplacian of Gaussian band-pass filter (similar to a non-orthogonal wavelet), extracted and enhanced texture features of different sizes and intensity variation, corresponding to a SSF that varied from 2 to 6 mm: SSF = 2 corresponds to a fine texture scale, SSF = 3–5 corresponds to a medium texture scale and SSF = 6 corresponds to a coarse texture scale. Quantification of textures at each filter and for unfiltered data (SSF = 0) was undertaken using statistical and histogram-based metrics such as mean intensity (reflects average brightness), standard deviation (SD—reflects deviation from mean), entropy (reflects irregularity of pixel distribution), mean of positive pixels (MPP—only reflects average brightness of positive pixel values), skewness (reflects asymmetry of the histogram distribution), and kurtosis (reflects pointedness/sharpness of the histogram distribution). A detailed description of the above image filtration and quantification is described (26) and a computer modeling study characterized the meaning of filtration-histogram-based texture features in terms of image features and how they relate to the different components (object size, density, and number) of heterogeneity (23). For each patient, the average value of each texture feature from all lesions was calculated and used for the baseline analysis. Percentage changes in texture features on post-treatment from baseline scan were also calculated as part of the delta-radiomics analysis.

Percentage changes in the abovementioned features are indicated with the prefix “perc” and are calculated as follows:

	

Where varpre is the variable at baseline, varpost is the variable at initial post therapy and perc-Var is the percentage change. The whole process of ROI individual lesion segmentation and filtration histogram-based CTTA was undertaken using commercially available proprietary research software called TexRAD (Feedback Medical Ltd). Figure 2 provides an illustration of the ROI segmentation and filtration-process as part of the CTTA.




Figure 2 | CT axial image with right inguinal lymph node segmented in 2D (A) and the resulting. Illustration of different image filtration as part of CTTA at (B) fine (SSF = 2mm), (C) medium (SSF = 4mm) and (D) coarse (SSF = 6mm) texture scales.





Statistical Analysis

The average values of each texture feature from all lesions were calculated for each patient on baseline CT and post-therapy CT and used for the statistical analysis. Average values of the texture metrics were calculated from all the lesions for each patient. This was done because we have the outcome (OS and PFS) per patient. The percentage change was computed for each lesion first and then averaged across all the lesions for each patient. The following steps were undertaken to find independent predictors of OS and PFS from the group of extracted features. Feature selection was performed using LASSO-Cox regression to identify the best predictors of OS and PFS. Indeed, LASSO improves the reliability of regression using a regularization parameter to reduce overfitting and selects optimal predictors. In fact, the LASSO method provides non-zero regression coefficients only for the best predictive features. In this way, it is possible to eliminate overfitting problems. Finally, among these, the feature with the coefficient whose numerical value was greater in absolute value was chosen. In this study, a 10-fold cross-validation was employed for every regression (27). A hazard ratio (HR) and 95% confidence interval (CI) was provided for the best univariate markers of OS and PFS. The best univariate texture predictors were included in the multivariate Cox analysis along with clinical markers, to assess the independence and/or interaction of the significant univariate texture markers in terms of predicting survival. For each feature that resulted as an independent predictor of survival in the multivariate Cox model, Kaplan–Meier (KM) survival curves/analysis differentiated between patients with good prognosis from poor prognosis, based on a median threshold to separate the two prognostic groups. Differences between survival curves were evaluated using a non-parametric log rank test. A two-tailed p-value of less than 0.05 indicated a significant difference. All statistical analyses were performed using R-package software (version 3.6.3; R Foundation for Statistical Computing).




Results


Patients Characteristics

Of the 78 patients analyzed for the study, only 32 (mean age 60 years; standard deviation 13.9) were really enrolled (see Figure 2). Table 1 presents the demographics, clinical, and follow-up/survival information for all patients and sub-groups based on treatment response.


Table 1 | Main demographic characteristics and relevant clinical data are reported in the table.





Overall Survival Analysis

LASSO-Cox regression demonstrated baseline CT kurtosis at fine (SSF = 2) and medium (SSF = 3) texture scales predicting OS (fine texture: LASSO coefficient = −0.3; medium texture: LASSO coefficient = −0.35). A higher baseline kurtosis value was associated with good OS (fine texture: HR = 0.56, 95% CI = 0.32–0.96, p = 0.03; medium texture: HR = 0.54, 95% CI = 0.29–0.99, p = 0.04) (Tables 2a, b). LASSO-Cox regression also demonstrated delta-radiomics CT analysis, particularly the percentage change in entropy (Perc-ENTRO) at medium (SSF = 4) and coarse (SSF = 6) scales to predict OS (SSF = 4, LASSO coefficient = 0.02; SSF = 6, LASSO coefficient = 0.03). An increase in Perc-ENTRO was associated with poorer OS (SSF = 4, HR = 1.06, 95% CI = 1.01–1.11, p = 0.05; SSF = 6, HR = 1.06, 95% CI = 1.01–1.11, p = 0.01). A separate multivariate Cox regression analysis, which includes each significant univariate texture marker along with LDH and the number of metastatic sites, are presented in Tables 2a–c. Baseline CT kurtosis at fine (Table 2a) and medium (Table 2b) texture scales were predictors of OS, independent of LDH and the number of metastatic sites. Perc-ENTRO was a predictor at medium (SSF = 4) and coarse scales (SSF = 6) (Tables 2c, d).


Table 2 | (a–d) Multivariate Cox regression analysis including individual significant univariate texture parameters (selected using LASSO) and clinical variables for predicting OS.



A Kaplan–Meier survival analysis for significant texture predictors of OS, based on their respective median cutoff, is presented in Table 3; Kaplan Meier survival curves are presented in Figures 3A–D.


Table 3 | Kaplan–Meier analysis for significant texture predictors of OS.






Figure 3 | The figure compares survival curve for baseline CT texture parameter kurtosis at fine (SSF = 2) and medium (SSF = 3) texture scales and delta-analysis quantified Perc-ENTRO at medium (SSF = 4) and coarse (SSF = 6) scales for OS. Patients in the good prognostic group, as identified by baseline kurtosis are fine (SSF = 2) and medium (SSF = 3) texture scales, had an improved median survival of around 17 (A) and 10 months (B) respectively, compared to the poor prognostic group. Furthermore, the good prognostic group, which was defined using Kurtosis, demonstrated zero mortality. Patients in the good prognostic group, as identified by Perc-ENTRO at medium and coarse scales, improved median survival by around 11 months (C, D) compared to the poor prognostic group.





Progression-Free Survival Analysis

LASSO-Cox regression demonstrated baseline CT kurtosis at fine (SSF = 2) and medium (SSF = 3) texture scales predicting PFS (fine texture: LASSO coefficient = −0.35; medium texture: LASSO coefficient = −0.28). Tables 4a, b show that a higher baseline kurtosis value was associated with good PFS (fine texture: HR = 0.53, 95% CI = 0.29–0.95, p = 0.03; medium texture: HR = 0.49, 95% CI = 0.25–0.96, p = 0.03). LASSO-Cox regression also demonstrated delta-radiomics CT analysis, particularly Perc-ENTRO at medium (SSF = 4) and coarse (SSF = 6) scales to predict PFS (LASSO coefficient = 0.05 for SSF = 4, 0.04 for SSF = 5 and 0.04 for SSF = 6). An increase in Perc-ENTRO was associated with poorer PFS, for example, SSF = 4 (HR = 1.07, 95% CI = 1.01–1.13, p = 0.009). A separate multivariate Cox regression analysis, including each significant univariate texture marker along with LDH and a number of metastatic sites, is presented in Tables 4a–c. Baseline CT kurtosis at fine (Table 4a) and medium (Table 4b) texture scales were predictors of PFS, independent of LDH and number of metastatic sites. Perc-ENTRO and number of metastatic sites were independent predictors of PFS (Tables 4c, d).


Table 4 | (a–d) Multivariate Cox regression analysis including individual significant univariate texture parameters (selected using LASSO) and clinical variables for predicting PFS.



Kaplan–Meier survival analysis for significant texture predictors of PFS based on their respective median cutoff are presented in Table 5; Kaplan–Meier survival curves are presented in Figures 4A–D.


Table 5 | Kaplan–Meier analysis for significant texture predictors of PFS.






Figure 4 | The figure compares survival curves for baseline CT texture parameter kurtosis at fine (SSF = 2) and medium (SSF = 3) texture scales, and delta-analysis quantified Perc-ENTRO at medium and coarse scales for PFS. Patients in the good prognostic group, as identified by baseline kurtosis at fine (SSF = 2) and medium (SSF = 3) texture scales, had an improved median PFS of around 28 (A) and 13 months (B) respectively, compared to the respective poor prognostic group. Furthermore, the good prognostic group defined using Kurtosis demonstrated zero progression. Patients in the good prognostic group, as identified by Perc-ENTRO, had an improved median PFS of around 8 months (C, D) compared to the poor prognostic group.






Discussion

Our pilot study indicates that baseline and post-therapy contrast-enhanced CT-based radiomics texture features of MM have the potential to act as imaging biomarkers of outcome in terms of OS and PFS in patients treated with Nivolumab. Both kurtosis at baseline CT and percentage change in entropy without filtration, between post-treatment and baseline CT, are the best predictors of outcome and can potentially act as a predictive and response biomarker, respectively. The addition of delta-radiomics increases the available quantitative information related to the spatial and temporal intra-tumor heterogeneity (ITH), potentially reflecting tumor phenotypical changes over time that are crucial in assessing response to immunotherapy.

In the era of artificial intelligence and machine learning (ML), quantitative texture-based radiomic features extracted from medical images can provide objective information and, therefore, play an important role in decision support in cancer care pathways and patient management (28, 29). Over the past few years, CTTA has been acknowledged as a promising quantitative imaging tool allowing for measurement of the spatial ITH by analyzing the gray-level distribution of CT images (30). Previous studies explored biological correlates for CTTA, confirming an association between CT heterogeneity and a hypoxic and angiogenic tumor microenvironment (23, 30); at the same time, it is hypothesized that tumor angiogenesis (TA) may have value in predicting patient survival in different cancers (31–37).

In MM, multivariate analysis confirmed that texture variables are significant predictors of survival and suitable to build a prognostic index/composite score along with established important clinical markers, such as LDH and number of metastatic sites (4, 38, 39). We found kurtosis at fine (SSF = 2) and medium (SSF = 3) texture scales in order to best predict the outcome (OS and PFS) of patients treated with Nivolumab at baseline CT. Kurtosis is a measure of the sharpness/pointedness of distribution in the histogram of images. A higher value indicates increased tissue contrast, which could be associated with tissue vascularity (23). In our study, hypothesizing kurtosis at fine to medium texture scales may reflect contrast medium changes directly/indirectly associated with small/medium-sized blood vessels (micro-vasculature) within the tumor microenvironment.

In patients treated with immunotherapy, tumor vasculature may impact the host immune response (40). In fact, functional abnormalities of tumor blood vessels, such as architectural defects, can limit lymphocyte recruitment. A correlation between the presence of tumor-infiltrating lymphocytes (TILs) and an improved prognosis has been demonstrated in cancer patients treated with immunotherapy (40, 41). We can assume that a high value of kurtosis may reflect a higher T-cell infiltration within a lesion, resulting in a “T-cell inflamed” phenotype (“hot tumors”) associated with lower tumor blood vessel defects and a potential higher responsiveness to PD-1 inhibitor therapy (42). In a recent retrospective study, Schraag et al. have proposed that the kurtosis as an independent predictor of OS in MM patients treated with different immunotherapy regimes, corroborating our results (43). However, some important differences with our pilot study should be emphasized. Indeed, the authors of this study have involved a more heterogeneous population of MM patients (the patients enrolled were treated with CTLA4 and PD1 inhibitors) and have focused their analysis only on the largest target lesion. We believe that this choice may be limiting because it is less representative of the total tumor burden. Texture-based radiomic analysis is dependent on the variation/distribution of the pixel intensities within the ROI enclosing the lesion. Smaller lesions will have fewer pixels/distribution of gray-level intensities whereby the statistics may not be optimum. Also, the lesions <5 mm size may not be clinically relevant. This hypothesis is confirmed by RECIST and other criteria that recommend analysis of up to five target lesions. We basically employed what is normally done in routine clinical practice when assessing response to treatment in these oncological patients (e.g., RECIST 1.1 criteria dictate selecting up to five lesions per patient) to be as close and relevant to current practice. Applying different weightings to different types of lesions or only considering one lesion per patient was not explored as it is not something done routinely and there is no biological rationale “currently” to utilize this. Nevertheless, there are very interesting points to explore in the future, such as certain types (based on anatomy) of metastatic lesions could be weighed differently and could be more robust and sensitive/accurate in early prediction of responders from non-responders.

Contrary to our study that has analyzed the response to Nivolumab, Durot et al. have investigated the role of CTTA in predicting response to immunotherapy in MM patients treated with another anti-PD-1 inhibitor (Pembrolizumab). In this study, the authors reported the role of skewness (i.e., asymmetry of the histogram) as a potential predictor of outcome (31). Pembrolizumab and Nivolumab belong to the same family (anti-PD-1) and are similar (44); it has been suggested that differences observed in clinical data between these two drugs are unlikely to be drug-dependent and are likely to be due to drug-independent differences (44). We can assume that differences in our results are more likely to be due to the small patient population in both studies, which could amplify potential individual patient characteristics, as well as drug administration and imaging protocols. The potential influence of iterative algorithms and contrast administration protocols on radiomic analysis needs to be better investigated (45). In any case, we hypothesize that both kurtosis and skewness may be picking up similar image characteristics. Skewness reflects the preponderance of object brightness/darkness, which could again reflect an aspect of tumor vascularity similar to kurtosis. Therefore, both kurtosis and skewness could have a potential role in reflecting vascular and non-vascular morphological changes within the lesion. These inter-relationships and the above hypotheses need to be investigated in further studies with a larger patient population.

It is well established that greater tumor heterogeneity is an indicator of poor clinical prognosis. Furthermore, tumor-induced angiogenesis contributes to a disorganized microenvironment leading to tortuous architecture of the vasculature, eventually resulting in the formation of hypoxic voids and necrosis. Consequently, different sub-clonal cell populations within a tumor arise over time, contributing to different phenotypes (7, 40). It is important to note that phenotypic plasticity can occur due to non-genetic factors and a variation exists at multiple omics levels (46); “phenotypic” delta signatures for predicting survival could better correlate with other molecular markers over time. In the delta-radiomics analysis, the Perc-ENTRO significantly predicted both OS and PFS. Lesions with high entropy usually correlated with higher heterogeneity. In other works, entropy was correlated with the outcome of therapy (34, 37, 47).

The exhibit of a more disorganized microenvironment within the lesion may appear as increased imaging heterogeneity, i.e., higher entropy on the post-treatment scan in comparison to the baseline scan, giving rise to an increased Perc-ENTRO, a response marker indicating the worst outcome (OS and PFS) in our study. We believe that the combination of texture-based radiomic analysis and recent multi-omics approaches can help implement precision medicine and a robust decision-making tool in patients (48–51). This tool/approach is particularly relevant in a MM setting having a complex biology, inter/intra-tumor heterogeneity and is one of the most aggressive cancers (7).

Our study has some limitations. Firstly, the relatively small patient population makes our hypothesized associations speculative and exploratory in nature. Moreover, only a manual 2D analysis on cross-sectional CT images was performed. However, this was undertaken in consensus with two expert radiologists in CT oncological imaging, thereby limiting the potential bias. In any case, both approaches were found to capture heterogeneity and were good predictors of survival (52). Moreover, although our results are promising, of course a validation data set is missing and data have to be confirmed in future studies in order to validate the method.

In fact, this is a pilot study purely for exploratory purposes; the focus of this pilot/proof-of-principle study was to assess the potential of each texture parameter from the baseline and post-treatment CT scan using filtration-histogram-based technique (a technique that has undergone proper validation as evidenced from the numerous papers using this technique) to predict outcome (OS and PFS) post immunotherapy and compare to existing clinical/imaging markers. Future studies could implement a more complex ML algorithm (incorporating the significant texture features identified in this pilot study) and employ normalization/standardization approaches in a larger cohort, which could further be randomly divided into training and validation sub-cohorts. Furthermore, as the study population in this pilot/proof of principle was very small at 32 patients, the idea was not to employ complex approaches (e.g., ML and numerous radiomic features) as we do not have a dedicated training and testing dataset. Based on this exploratory study, we do propose to undertake a larger prospective study in the future where we will apply the above suggested methodologies (e.g., ML techniques), employing a comprehensive radiomic approach including the filtration-histogram-based technique in addition to higher-order statistics, shape parameters, and training and testing cohort. Another limitation of this pilot study is the lack of the assessment of intra and inter-reader agreement, as only information from segmentation from a consensus reading was performed; but we would like to point out the qualification process undertaken by the filtration-histogram based texture analysis evidenced from numerous other peer-reviewed publications.

However, we would like to point out the quantification process undertaken by the filtration-histogram-based texture analysis evidenced from numerous other peer-reviewed publications: (26, 53, 54). Specifically, the filtration step part of the texture analysis technique reduces the impact of image photon noise, thereby minimizing the impact of image acquisition variation and therefore the quantification of texture features using histogram and statistical approach reflects biologically relevant heterogeneity. The use of the filtration-histogram technique further mitigates the need for the use of larger number of higher-order statistics, which are more abstract in nature, are less reproducible, and increase false discovery rate.



Conclusions

In conclusion, our study demonstrates the potential role of kurtosis to select MM patients with improved OS and PFS at baseline CT, as an independent predictor of outcome (“predictive-biomarker”). In delta-radiomics analysis, we found Perc-ENTRO to be a good independent predictor for both OS and PFS in MM patients treated with Nivolumab (“response-biomarker”). If this method is validated, we hypothesize that these parameters could potentially improve better patient selection and the response evaluation to immune check point inhibitors and, therefore, be used as an adjunct in decision-making and optimal patient management. On the basis of our promising preliminary results, further studies with a larger MM population treated with PD-1 inhibitors are needed to investigate the usefulness of delta-radiomics based CT texture features in a multi-omics approach.
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Objective

To establish a radiomics signature and a nomogram model based on enhanced CT images to predict the Ki-67 index of lung cancer.



Methods

From January 2014 to December 2018, 282 patients with lung cancer who had undergone enhanced CT scans and Ki-67 examination within 2 weeks were retrospectively enrolled and analyzed. The clinical data of the patients were collected, such as age, sex, smoking history, maximum tumor diameter and serum tumor markers. Our primary cohort was randomly divided into a training group (n=197) and a validation group (n=85) at a 7:3 ratio. A Ki-67 index ≤ 40% indicated low expression, and a Ki-67 index > 40% indicated high expression. In total, 396 radiomics features were extracted using AK software. Feature reduction and selection were performed using the lasso regression model. Logistic regression analysis was used to establish a multivariate predictive model to identify high and low Ki-67 expression in lung cancer. A nomogram integrating the radiomics score was established based on multiple logistic regression analysis. Area under the curve (AUC) was used to evaluate the prediction efficiency of the radiomics signature and nomogram.



Results

The AUC,sensitivity, specificity and accuracy of the radiomics signature in the training and validation groups were 0.88 (95% CI: 0.82~0.93),79.2%,84.3%,81.2% and 0.86 (95% CI: 0.78~0.94),74.6%,88.1%,79.8%, respectively. A nomogram combining radiomics features and clinical risk factors (smoking history and NSE) was developed. The AUC, sensitivity, specificity and accuracy were 0.87 (95% CI: 0.80~0.95), 75.0%, 90.2% and 83.5% in the validation group, respectively.



Conclusion

The radiomics signature and nomogram based on enhanced CT images provide a way to predict the Ki-67 expression level in lung cancer.





Keywords: lung cancer, Ki-67, tomography, X ray, radiomics model, classification



Introduction

Lung cancer is one of the most common malignant tumors that endangers human health and life, ranking first in the number of cancer-related deaths (1, 2). The proliferation mode and speed of tumor cells are related to the malignancy and prognosis of lung cancer (3–5). Ki-67 is a nuclear antigen expressed by cells in the proliferation phase that accurately reflect the proliferation activity of cells. Because of its short half-life, Ki-67 is significantly better than those proliferating cell nuclear antigens with a long half-life in evaluating the proliferative activity of tumor (6–9).

Presently, Ki-67 expression in lung cancer must be determined by biopsy or surgical histopathology, but biopsy samples generally represent only a small part of the tumor tissue. Because of the heterogeneous expression of Ki-67 in tumors, the Ki-67 index obtained by needle biopsy samples cannot fully and accurately represent the Ki-67 level of the entire tumor. This situation leads to deviations in results and even misdiagnosis and nonoptimal clinical decision-making (10). As a new research field, radiomics has obvious advantages in assessing tumor heterogeneity. It can discover and analyze different cell phenotypes of tumors (11–13) and provide comprehensive and quantitative tumor measurements, including texture, intensity, heterogeneity and morphological information, enabling a comprehensive analysis of the tumor phenotype (14–16). Zhou B et al. (17) found that twelve CT radiomic features were significantly associated with the Ki-67 of lung cancer, but they did not build a predictive model. Gu Q et al. (18) built a machine learning-based radiomics classifier to predict the Ki-67 index of non-small cell lung cancer, however, their study did not include cases with small cell lung cancer, so the model was not applicable to all patients with lung cancer. Moreover, these past studies have not established a nomogram model that combines radiomic features with clinical parameters, which may have better prediction efficiency. This study aimed to establish a radiomics signature based on enhanced CT images and a nomogram based on radscores and clinical parameters to predict the Ki-67 index of lung cancer.



Materials and Methods


Data Cohort

This retrospective study was approved by the Institutional Review Board. The data of 2286 consecutive patients with lung cancer confirmed by surgery between January 2014 and December 2018 were identified for this retrospective study.

The inclusion criteria were as follows: (1) a diagnosis of lung cancer by surgical pathological specimens and immuno-histochemical Ki-67 examination and (2) dual-phase enhanced chest CT examination before surgery.

The exclusion criteria were as follows: (1) no Ki-67 immunohistochemistry or enhanced CT examination at our hospital (n=1280); (2) poor image quality or image layer thickness greater than or equal to 5 mm (n=130); (3) incomplete clinical data (n=335); (4) prior neoadjuvant treatment before surgery (n=91); (5) small lesions (long diameter < 1 cm) (n=104); (6) other primary malignancies in the same period (n=64).

Two hundred eighty-two patients (178 men and 104 women with a mean age of 62.0 ± 8.9 years) were enrolled in our study (Figure 1), 158 patients with adenocarcinoma (ACC), 69 with squamous cell carcinoma (SCC), and 55 with neuroendocrine carcinoma (NEC) (including 38 patients with small cell lung cancer, 13 patients with large cell lung cancer, and 4 patients with carcinoid cancer). Using a stratified random sampling method, the patients were divided into a training group and a validation group at a ratio of 7:3.




Figure 1 | Flow diagram of the patient selection.



The following information of the enrolled patients was evaluated: smoking history, sex, age, maximum tumor diameter, pathological type, and serum tumor markers, including neuron-specific enolase (NSE) serum, gastrin-releasing peptide precursor (ProGRP), carcinoembryonic antigen (CEA), squamous cell carcinoma antigen (SCCA) and cytokeratin 19 fragment (cYFRA21-1). Smoking history was defined as smoking for more than one year and smoking more than 20 cigarettes per day on average. Histological classification was based on H&E staining according to the WHO classification of malignant lung tumors.



CT Protocol

All patients were scanned using a SOMATOM (Siemens Medical Systems, Germany) scanner or Brilliance iCT 256 (Philips Healthcare, Netherlands) scanner. The scanning parameters were as follows: tube voltage: 120 kVp; pixel size: 512×512; detector collimation: 64×0.6 and 128×0.625 mm; slice thickness: 5 mm; and reconstructed section thickness: 1 mm. Contrast-enhanced CT images were obtained by intravenous injection of 1.0 ml/kg of contrast material (iohexol injection; 300 mg/ml; Beijing, China) at a rate of 3.0-3.5 ml, followed by a saline flush (20 mL). CT images were acquired at 25 seconds and 70 seconds after the start of contrast medium injection, corresponding to the arterial and venous phases, respectively.



Ki-67 Expression Measurement

Formalin-fixed, paraffin-embedded tissue sections with a thickness of 4 µm were created. The sections were then dried, dewaxed with xylene, rinsed in graded ethanol and rehydrated in double-distilled water. Immunohistochemistry (IHC) staining was performed using a Ki-67 protein antibody (Santa Cruz Biotechnology, California, USA) diluted 1:100. Cells with brown nuclei were considered positive.

The whole specimen was scanned, and positive cells in five areas with the highest positive density were selected, then a percentage of positively labeled cells were determined by counting more than 1000 tumor nuclei at 400 magnification. Because the most active part of tumor proliferation can represent the degree of tumor malignancy and affect the prognosis of patients. So according to previous relevant studies (19–21), the Ki-67 index in this study was the average value of the five areas with the highest percentage of Ki-67-labeled cells, and according to previous studies (22), low Ki-67 expression was defined as ≤ 40% positive staining, while over 40% positive staining was defined as high Ki-67 expression.



Image Normalization and Feature Extraction

The workflow of radiomics implementation is displayed in Figure 2. All the images were normalized by z-score transformation, with intensity ranges for each imaging modality across all subjects with a mean of 0 and a standard deviation of 1.ITK-SNAP software (http://www.itksnap.org, version: 3.8.0, USA) was used to outline the lesion on the CT image with the largest diameter of the lesion. All lesion ROI outlining was completed by two radiologists with 12 years (HYB) and 10 years (SLL) of chest CT diagnosis experience, and the intragroup correlation coefficient (ICC) between among the observers was calculated. The ROI was outlined by the HYB once, and the second ROI was performed after a week to assess the observer’s ICC. SLL only performed the ROI once to evaluate the ICC between this physician and HYB. ICC>0.75 considers that the consistency is good. Both radiologists were blinded to the patient’s clinicopathological information. Commercial software (Analysis Toolkit 1.0.3; GE Healthcare, USA) was used to extract features. In total, 396 quantized features were extracted, such as 9 form factor features, 10 Haralick features, 11 gray level size zone matrix (GLSZM) features, 42 histogram features, 48 gray level cooccurrence matrix (GLCM) features with an offset of 1/4/7, and 60 gray level run-length matrix (GLRLM) features with an offset of 1/4/7.




Figure 2 | Flowchart of radiomics implementation in this study.





Development of the Radiomics Signature, Clinical Model, Radiomics Nomogram

To minimize overfitting, the least absolute shrinkage and selection operator (lasso) regression method was used to select the most valuable features from the primary datasets, and then validated in the validation cohort. The linear combination of selected features was used to calculate the radiomic scores (Rad-scores) for each patient. For validation, we evaluated the difference of rad score between the training set and the verification set, and calculated the sample size of the verification set using the method of “comparing the mean between the two groups”, which meets the statistical power of more than 0.8. The cut-off value obtained from the training set was used to calculate the metrics of the validation set.The predictive accuracy of the radiomics signature was quantified by the area under the receiver operating characteristic (ROC) curve (AUC) in both the training and validation sets.

Univariate logistic regression was used to select clinical risk factors for high Ki-67 lung cancer. The clinical features and imaging omics features with P<0.05 were used to develop a predictive model to distinguish low Ki-67 lung cancer from high Ki-67 lung cancer using multivariate logistic regression in the primary cohort. In logistic regression, backward stepwise selection was applied using a likelihood ratio test with Akaike’s information criterion as the stopping rule.

To provide clinicians with a quantitative tool to predict the Ki-67 level of lung cancer, a radiomics nomogram was established based on multivariate logistic analysis in the primary cohort. The algorithm built by the training set was used to calculate the Rad score in the validation set.



Validation and Assessment of the Radiomics Nomogram

We assessed the value of the radiomics nomograms in training (n=197) and validation (n=85) data sets, including identification, calibration, and clinical value, and quantified the differential performance of AUC. The Hosmer-Lemeshow test was used together with the calibration curve to determine the goodness-of-fit of the nomogram. The validation data set was used to test the internal value of the radiomics nomogram.

Decision curve analysis (DCA) was used to calculate the net benefit of the threshold probability range in the training and validation data sets to estimate whether the nomogram was sufficiently reliable for clinical use. The net benefit was determined by calculating the difference between the true positive rate and weighted false positive rate of different threshold probabilities in the validation set. A “decision curve” was then drawn based on the threshold probability.



Statistical Analysis

R statistical software (http://www.Rproject.org, version 3.4.4) was used for statistical analysis. Lasso regression was performed using the “glmnet” package. The “RMS” package was used to construct multivariate logistic regression, nomogram and calibration charts. DCA was performed using the “DCA. R” function. ROC curves were drawn and analyzed using the “proc” package. The Kolmogorov-Smirnov test was used to test the normality of the quantitative data, and the measurement data conforming to the normal distribution were expressed as x ± s. Counting data was expressed in frequency. Chi-squared test or Fisher’s exact test was used to compare the count data between groups, and independent samples t test was used to compare the measurement data. P<0.05 indicated a statistically significant difference.




Results


Comparison of the Clinical Data Results of the Training and Validation Groups and the Low Ki-67 and High Ki-67 Lung Cancer Groups

No significant differences were found in age, sex, the tumor diameter or pathological type between the training and validation groups (P>0.05; Table 1). Statistically significant differences were found in sex, age, and the pathological type between the high and low Ki-67 expression groups (P<0.05) (Table 2). High Ki-67 expression was more common in men, elderly individuals, and SCC patients.


Table 1 | Comparison of the clinical data and pathological staging results of patients in the training and validation groups.




Table 2 | Comparison of the clinical data results between the low Ki-67 and high Ki-67 lung cancer groups.





Extraction/Selection of Radiomics Features and Construction of the Radiomics Signature

First, we performed repeatability evaluation (between and within data sets with a consistency coefficient> 0.75), and then removed highly correlated features (correlation coefficient> 0.6). Finally, we used lasso logistic regression to screen out 16 features (Figures 3A–C),including Low Intensity Small Area Emphasis, difference Variance, Surface Volume Ratio, Cluster Shade_angle135_offset7, Inverse Difference Moment_All Direction_offset7_SD, Max Intensity, High Intensity Large Area Emphasis, Zone Percentage,Correlation_All Direction_offset7_SD, Inverse Difference Moment_All Direction_offset1_SD, Haralick Correlation_All Direction_offset4_SD, Large Area Emphasis, Short Run High Grey Level Emphasis_All Direction_offset1_SD, Grey Level Non uniformity_All Direction_offset7_SD, Haralick Correlation_angle45_offset7, Short Run Low Grey Level Emphasis_All Direction_offset7_SD.The Rad-scores of each patient in the training and validation sets are shown in Figures 4A, B.




Figure 3 | Use of lasso logistic regression to select features. (A) Binomial deviation versus parameter λ. Least absolute shrinkage and selection operator (LASSO) regression was used to screen the radiomic features, and cross-validation was used to select the optimal model parameter λ. The vertical axis is the binomial deviation, and the horizontal axis is the log (λ) value. λ, which represents the smallest binomial deviation of the model, is the optimal value (vertical dashed line). (B) Graph of the variation of the imaging omics feature coefficient with λ. The number above indicates the number of filtered features. (C) Screened 16 radiomics features and their weights.






Figure 4 | A set of verified rad scores in the training set (A) and validation set (B). Red and green represent the true classification: the complete separation of red and green indicates that the radiomics rad-score can be classified well.





Predictive Efficacy of the Imaging Radiomics Signature

The ROC curves of the training and validation groups are shown in Figures 5A, B. The AUC, accuracy sensitivity, specificity, positive predictive value, and negative predictive value were 0.88 (95% CI: 0.82~0.93), 81.2%, 79.8%, 84.4%, 88.9%, and 72% in the training group and 0.86 (95% CI: 0.78~0.94), 79.8%, 74.6%, 88.1%, 90.9%, and 68.5% in the validation group, respectively.




Figure 5 | ROC curves to distinguish low Ki-67 lung cancer from high Ki-67 lung cancer based on the CT imaging model prediction model. The AUC in the training set was 0.88. (A), and that in the validation set was 0.86 (B).





Establishment of a Nomogram Combining Radiomics With Clinical Risk Factors

Univariate analysis showed that the clinical factors were significantly related to the classification of low Ki-67 lung cancer and high Ki-67 lung cancer (Table 3). They include serum NSE and smoking (P < 0.05). The results of multivariate logistic regression analysis suggested that smoking, serum NSE and the rad score were independent predictors of low and high Ki-67 lung cancer classification (Table 4). A radiomics nomogram incorporating the predictive factors (including smoking, NSE, and the Rad score) was constructed (Figure 6).


Table 3 | Positive results of univariate analysis for the classification of low and high Ki-67 lung cancer.




Table 4 | Positive results of multivariate logistic regression analysis for the classification of low and high Ki-67 lung cancer.






Figure 6 | Nomogram used to distinguish between high and low Ki-67 expression levels in lung cancer.



The calibration curve showed that the predicted probability of the nomogram was consistent with the pathological findings (Figure 7). The results in Table 5 and Figure 8 show that the nomogram had better prediction efficiency than the radiomics signature and clinical model. The AUC value of the nomogram in the validation set was 0.87 (95% CI: 0.80-0.95), the accuracy was 0.83 (95% CI: 0.75-0.90), the sensitivity was 75.0%, and the specificity was 90.2%. Figure 9 shows the DCA of the radiomics nomogram. When the threshold probability is in the range of 0.1–1.0, the radiomics nomogram is superior to the model of “all treatment” and “no treatment” strategies.




Figure 7 | Calibration curve of the nomogram in the training group (A) and validation group (B). The solid diagonal line represents the perfect prediction of the ideal model, and the dashed pink line represents the performance of the model. Closer plots of the two lines indicate that the prediction results are in good agreement with the pathological results, and the prediction ability is better.




Table 5 | Predictive ability of the radiomics nomogram, radiomics signature, and clinical model for the classification of low and high Ki-67 lung cancer.






Figure 8 | ROC analysis was used to compare the prediction efficiency among the nomogram, radiomics signature and clinical models. The red line shows the nomogram with AUC=0.87, indicating that the radiomics nomogram had better predictive performance than the clinical model (green line; AUC=0.72) or radiomics signature (blue line; AUC= 0.86).






Figure 9 | Decision curve analysis (DCA) of the nomogram. The y-axis shows net income, the red line represents the radiomics nomogram, the blue line represents the hypothesis that all patients have high Ki-67 expression, and the black line represents the hypothesis that no patient has high Ki-67 expression. The x-axis shows the threshold probability—that is, the expected benefit of the number of treatments equals the expected benefit of not receiving treatment. The decision curve shows that when the threshold probability is between 0.1 and 1, using a radiomics nomogram to predict Ki-67 expression is more beneficial than treating all patients or not treating patients.






Discussion

Ki-67 nuclear protein is a marker of cell cycle and proliferation (9, 23, 24) and is typically used to estimate the population of proliferating cells. In malignant tumors, the percentage of Ki-67-positive cells is related to tumor invasion or tumor progression. Presently, the Ki-67 proliferation index is considered a tumor biomarker that is valuable for tumor diagnosis, treatment and prognosis (4, 24, 25). Previous studies on the CT texture features of non-small cell lung cancer (10, 26, 27) have shown that tumors have internal heterogeneity due to different biological behaviors and metabolic levels, and CT texture analysis can quantify tumor heterogeneity. Lung cancer is a highly heterogeneous tumor, and the heterogeneity of Ki-67 expression also exists in lung cancer. The Ki-67 labeling index can range from 1% to 90% in different intratumoral regions (28). High and low Ki-67 expression results in heterogeneity in the tumor cell proliferation rate, cell differentiation and subclonal region composition. Radiomics is a revolution to the traditional visual image features. It obtains high-throughput data and extracts a large number of quantitative features from the image through computer learning software to mine the quantitative information of the shape, texture and heterogeneity of the tumor itself, and screen the most valuable radiomic features to establish a prediction model (18, 29, 30). Radiomics can not only reduce the pain of patients undergoing biopsy, but also improve work efficiency and reduce the cost of patients. Therefore, predicting the expression of Ki-67 by analyzing the CT images of lung cancer is clinically significant.

The present study first used quantitative imaging histology, and then, based on CT images routinely used to diagnose tumors clinically, quantitative image texture analysis was used to estimate Ki-67 expression in lung cancer patients. The radiomics signature was an independent predictor of the expression status of Ki-67 in lung cancer and can distinguish between low Ki-67 lung cancer and high Ki-67 lung cancer well. The AUC of the validation group reached 0.86, and the accuracy, sensitivity, and specificity were 0.80, 0.75, and 0.88, respectively. Radiomics is expected to provide a noninvasive, convenient, and reproducible method to predict the Ki-67 expression status in lung cancer.

In the present study, the training and validation group showed differences in sex, the maximum tumor diameter, smoking status, and pathological type. High Ki-67 expression is more common in men, smokers, and patients with large lesions, SCC and small cell lung cancer. This finding is consistent with previous reports (31, 32). To predict the Ki-67 index, the AUC value of the clinical prediction model established in this study was only 0.72, while that of the radiomics signature was 0.86, much higher than that of the clinical model, indicating that the radiomics signature was significantly better than the simple clinical data prediction model in predicting the Ki-67 index of lung cancer. This study also established a nomogram prediction model combining the radiomics signature and clinically related factors. The data revealed that the AUC value of the validation group was 0.87, which was slightly higher than the predictive power of the radiomics signature alone (AUC=0.86) but significantly higher than the predictive power of the clinical model (AUC=0.72), and the prediction accuracy and specificity of the nomogram were improved. The prediction efficiency of the nomogram was better than that of the clinical model and radiomics signature model. A certain complementarity exists between the radiomics signature model and clinical model, but it is not obvious. The subjects of this study covered all pathological subtypes of lung cancer, so our model had better universality. Moreover, the results of this study showed that our model was more effective in predicting the Ki 67 index of lung cancer than the models built in previous studies (17, 18).Our model may become an accurate and noninvasive method to predict the status of Ki-67 in patients with lung cancer.

This study also has some limitations. First, this is a retrospective study with potential selection bias. Second, the sample size of this study was still relatively small, and the predictive ability of radiomics for the Ki-67 index of lung cancer must be further verified in a large sample. Third, although this study included patients with different pathological types of lung cancer, it did not specifically analyze the prediction of the Ki-67 index in a specific pathological type of lung cancer by radiomics. Different cutoff values of the Ki-67 index may need to be established for different pathological types of lung cancer, but the sample size of this study was not sufficiently large to perform this analysis. Therefore, this study is a preliminary exploratory study on the relationship between imaging features and the Ki-67 index of lung cancer. We will expand the sample size and integrate more clinical information to improve the performance and universality of the radiomics model.

In conclusion, we developed and validated the first nomogram model with good diagnostic performance for the classification of low Ki-67 lung cancer and high Ki-67 lung cancer based on the radiomics signature and clinical factors.
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Purpose

To develop and validate a nomogram combining radiomics of B-mode ultrasound (BMUS) images and the American College of Radiology (ACR) Thyroid Imaging Reporting and Data System (TI-RADS) for predicting malignant thyroid nodules and improving the performance of the guideline.



Method

A total of 451 thyroid nodules referred for surgery and proven pathologically at an academic referral center from January 2019 to September 2020 were retrospectively collected and randomly assigned to training and validation cohorts (7:3 ratio). A nomogram was developed through combining the BMUS radiomics score (Rad-Score) with ACR TI-RADS score (ACR-Score) in the training cohort; the performance of the nomogram was assessed with respect to discrimination, calibration, and clinical application in the validation and entire cohorts.



Results

The ACR-Rad nomogram showed good calibration and yielded an AUC of 0.877 (95% CI 0.836–0.919) in the training cohort and 0.864 (95% CI 0.799–0.931) in the validation cohort, which were significantly better than the ACR-Score model (p < 0.001 and 0.031, respectively). The significantly improved AUC, net reclassification index (NRI), and integrated discriminatory improvement (IDI) of the nomogram were found for both senior and junior radiologists (all p < 0.001). Decision curve analysis indicated that the nomogram was clinically useful. When cutoff values for 50% predicted malignancy risk (ACR-Rad_50%) were applied, the nomogram showed increased specificity, accuracy and positive predictive value (PPV), and decreased unnecessary fine-needle aspiration (FNA) rates in comparison to ACR TI-RADS.



Conclusion

The ACR-Rad nomogram has favorable value in predicting malignant thyroid nodules and improving performance of the ACR TI-RADS for senior and junior radiologists.





Keywords: thyroid nodule, radiomics, nomogram, ultrasound, prediction



Introduction

With the increasing number of imaging-detected thyroid nodules, overdiagnosis and overtreatment are major clinical challenges in the management of these nodules; therefore, an accurate and practical risk stratification tool is necessary (1). Because B-mode ultrasound (BMUS) is the most accurate imaging modality to assess thyroid nodules, there are a number of risk classification systems based on BMUS images formulated by authoritative associations (2–5). Previous studies have compared different guidelines to find a management guideline that is most beneficial to patients and demonstrated that the 2017 American College of Radiology (ACR) Thyroid Imaging Reporting and Data System (TIRADS) showed accurate diagnostic performance and meaningful reduction in the number of thyroid nodules recommended for biopsy (6–8). However, the relatively low specificity, positive predictive value (PPV), and interobserver variability of the ACR guidelines are impediments to achieving the desired clinical results (7, 9).

Radiomics has the ability to high-throughput mine quantitative image features and discover information reflecting the underlying pathophysiology that cannot be assessed by visual interpretation (10, 11). In recent years, radiomics has been applied to the thyroid, showing that it helps predict malignancy in thyroid nodules and preoperative cervical lymph node staging in papillary thyroid carcinoma (12–14). However, radiomics features are usually analyzed from a single-section image of the target nodule; therefore, radiomics alone might lose some important BMUS information, which makes it impossible to significantly improve the performance of risk stratification systems for all radiologists with different proficiency levels (15).

A nomogram is a graphical tool for a concise and intuitive display of the predicted value of individual outcome events based on multivariate regression analysis. We supposed that a nomogram could adequately combine the visual interpretation and radiomics of BMUS images to achieve better predictive performance. To the best of our knowledge, no published study has investigated the predictive performance of a nomogram combining radiomics with ACR TI-RADS scores for predicting malignant thyroid nodules.

Therefore, the purpose of our study was to develop and validate a nomogram that combines the radiomics score (Rad-Score) and ACR-TIRADS score (ACR-Score) for predicting malignant thyroid nodules and improving performance of the ACR TI-RADS.



Materials and Methods

Ethical approval and informed consent were waived because the retrospective study with de-identified data was used, and no protected health information was needed. The study was conducted following guidelines by the Declaration of Helsinki.


Patients

Between January 2019 and September 2020, patients with thyroid nodules (≥10 mm in maximum diameter) in the Head and Neck Otolaryngology Department of our institution were consecutively included. The nodules were enrolled using the following inclusion and exclusion criteria.

The inclusion criteria were as follows: 1) the target nodule had undergone surgical resection; 2) postoperative pathological results were obtained; and 3) BMUS was performed within 2 weeks before the resection. Exclusion criteria are as follows: 1) the pathological result of the nodule was ambiguous, 2) interventional procedures such as fine-needle aspiration (FNA) and radiofrequency ablation were performed before BMUS, and 3) the BMUS image of the target nodule was unclear.

A total of 451 patients (median age, 45 years, range, 20 to 81 years; 93 men and 358 women) were enrolled. If there were multiple nodules in one patient, the nodule with the largest diameter was selected as the target nodule. All nodules were randomly split into a training cohort (n = 315, median age, 45 years, range 20 to 81 years; 68 men and 247 women) and a validation cohort (n = 136, median age, 43 years, range 21 to 70 years; 25 men and 111 women) in a 7:3 ratio.



Clinical and BMUS Information

Clinicopathological data, including age, sex, and nodule pathology, were obtained from medical records. BMUS images were acquired with a Philips iU Elite and Philips EPIQ7 (ultrasound system, Philips Medical System, Bothell, WA, USA) using a 5–12-MHz linear transducer by two radiologists (PX and ZW) with more than 8 years of experience. Images of each target nodule were obtained in transverse and longitudinal planes, and video clips were obtained in at least one plane.



Analysis of the ACR TI-RADS

Two radiologists (AZ and XH, with more than 10 years and 3 years of experience, respectively) who were unaware of the pathological results reviewed the BMUS images of all nodules. The five feature categories in the ACR TI-RADS lexicon (composition, echogenicity, shape, margin, and echogenic foci) were evaluated, and the ACR-Score of each nodule was calculated (referred to as ACR-Score 1 for AZ, ACR-Score 2 for XH) (16). The Supplement presents the detailed process of calculating the ACR-Score (Supplementary Tables E1, 2). The diameter and location (subcapsular or intrathyroidal) were negotiated to a consensus by the two radiologists.



Analysis of the Radiomics Features

The region of interest (ROI) was delineated manually on the BMUS DICOM image of the target nodule with the largest diameter in sagittal view using open-source software (3D Slicer, version 4.10.2; https://www.slicer.org) (Supplementary Figure E1) (17, 18). The reproducibility of the intra- and interobserver agreement for the radiomics features was measured using the first 130 nodules that a radiologist (XH) redelineated twice within 2 weeks. The intraclass correlation coefficient (ICC) was used to evaluate the intra- and interobserver agreement. ICC > 0.75 represented satisfactory agreement. XH delineated the remaining nodules if strong agreement (ICC > 0.90) was achieved. To ensure repeatability of the results, resampling and z-score normalization were performed as preprocessing steps (Supplementary E1). Open-source software (Pyradiomics; http://pyradiomics.readthedocs.io/en/latest/index.html) (19) was used to extract a total of 837 texture, intensity, and wavelet features (Supplementary Table E3). Then, dimensionality reduction and radiomics feature selection were performed successively by ICC, univariate, least absolute shrinkage and selection operator (LASSO) and linear dependence analyses (20, 21). The methodology used to extract the radiomics features is further described in Supplementary E2 and Figure 1A. The radiomics score (Rad-Score) was generated using a linear combination of the selected features.




Figure 1 | B-model ultrasound radiomics workflow (A) and study flowchart (B). ACR, American College of Radiology; BMUS, B-model ultrasound; GLCM, gray-level co-occurrence matrix; GLDM, gray-level dependence matrix; GLRLM, gray-level run length matrix; GLSZM, gray-level size zone matrix; NGTDM, neighboring gray tone difference matrix; TI-RADS, thyroid imaging reporting and data system.





Statistical Analysis

Statistical analysis was conducted with IBM SPSS 22.0 software (IBM, New York, USA) and R software (Version 4.0.1, https://www.r-project.org/). The packages of R4.0.1 used are provided in Supplementary Table E4. The Shapiro–Wilk test was used to evaluate the normality of the distribution. Continuous data conforming to a normal distribution are expressed as the mean ± standard deviation (SD) and were compared using Student’s t-test; nonconforming data are expressed as the median [interquartile range (IQR)] and were compared using the Mann–Whitney U test. Categorical data are expressed as numbers (%) and were compared using a chi-square test or Fisher’s exact test, as appropriate. A p < 0.05 represented a statistically significant difference.


Development of the ACR-Rad Nomogram

The ACR-Rad nomogram was developed based on the Rad-Score and the average of ACR-Score 1 and ACR-Score 2. For comparison, the ACR-Score model was built through a univariate logistic equation.



Performance of the ACR-Rad Nomogram

Calibration was evaluated using the Akaike information criterion (AIC), the Bayesian information criterion (BIC), calibration curve, and Hosmer–Lemeshow test (22). Discrimination performance was evaluated using the area under the receiver operator characteristic (ROC) curve (AUC). The Delong test was used to compare AUCs and the LR test to compare the effect across the nested logistic regression models.



Clinical Utility of the ACR-Rad Nomogram

The interobserver agreement for ACR-Score, Rad-Score, and the predicted malignancy risk by the ACR-Rad nomogram was evaluated. The improvement in the predictive accuracy of the nomogram by radiologists with different levels of experience was evaluated by the AUC, index integrated discrimination improvement (IDI), and net reclassification improvement (NRI). Decision curve analysis (DCA) was conducted to determine the clinical usefulness of the nomogram by quantifying the net benefits at different threshold probabilities in the entire cohort.

For clinical management, we compared the performance for biopsy recommended of the cutoff value which was determined in the training cohort with the maximum Youden index (referred to as ACR-Rad_max), and different cutoff values which were determined in the training cohort for prespecified predicted risks of malignancy (20%/30%/40%/50%) (referred to as ACR-Rad_20%/30%/40%/50%, respectively) with ACR TI-RADS in the entire cohort.





Results


Patient Characteristics

The study flowchart is shown in Figure 1B. Clinical and pathological characteristics in the training and validation cohorts are summarized in Tables 1, 2. There was no significant difference between the training and validation cohorts for clinicopathological and BMUS characteristics (all p > 0.05). The proportions of malignant nodules in the two groups were 62.9% (198/315) and 70.6% (96/136) (p = 0.114). Malignant nodules had significantly lower age, diameter, and nodular goiter and significantly higher ACR-Score 1 and ACR-Score 2 than benign nodules in the training and validation cohorts (all p < 0.05).


Table 1 | Clinicopathological and ultrasonic characteristics of patients in the training and validation cohorts.




Table 2 | Clinicopathological and ultrasonic characteristics for thyroid nodules in the training and validation cohorts by pathology.





Selecting Radiomics Features and Building the Rad-Score

The rates of intra- and interobserver agreement for the radiomics features reached 94.7% (794/837; mean ICC = 0.920) and 94.0% (787/837; mean ICC = 0.901), respectively (Supplementary Figure E2). Seventy-two features were excluded due to unsatisfactory agreement (ICC < 0.75); 192 features were excluded due to insignificant differences based on univariate analysis. Among 14 features selected by LASSO, 4 features were considered to have strong collinearity for the variance inflation factor [VIF] which was more than 10 (Supplementary Figure E3). The remaining 10 features were included in the Rad-Score formula (Supplementary Figure E4). The Rad-Score of malignant nodules was significantly higher than that of benign nodules in the training [1.265 (0.738–1.900) vs. -0.005 (-1.955–0.910), p < 0.001] and validation cohorts [1.177 (0.355–1.845) vs. -0.320 (-2.182–0.685), p < 0.001] (Table 2). The Rad-Score yielded an AUC of 0.801 (95% CI 0.750–0.851) in the training cohort and 0.820 (95% CI 0.742–0.898) in the validation cohort (Figure 2).




Figure 2 | Receiver operator characteristic (ROC) curves for the Rad-Score in the training cohort and the validation cohort.





Development and Performance of the ACR-Rad Nomogram

The ACR-Rad nomogram incorporated two predictors: the average ACR-Score [odds ratio (OR) 1.644, 95% CI 1.423–1.928] and Rad-Score (OR 2.269, 95% CI 1.709–3.133) (both p < 0.001) (Figure 3A). The ACR-Score model was built using the following a univariate logistic regression equation:

	




Figure 3 | The ACR-Rad nomogram to predict malignancy in thyroid nodules (A) and calibration curves of the nomogram in the training (B) and validation (C) cohort. Red dots described the calculation process of an ACR-Rad nomogram point of a malignant thyroid nodule.



The LR test between the ACR-Rad nomogram and ACR-Score model was χ2 = 4.184 (p < 0.001). The AIC, BIC, calibration curve, and Hosmer–Lemeshow test statistic (p = 0.640) showed good calibration of the ACR-Rad nomogram in the training cohort (Table 3 and Figure 3B). An AUC of 0.877 (95% CI 0.836–0.919) also showed good discrimination, which was significantly higher than that of the ACR-Score model (0.833, 95% CI 0.785–0.880) in the training cohort (p < 0.001). The favorable calibration of the nomogram was confirmed in the validation cohort, whose Hosmer–Lemeshow test yielded a p value of 0.736 (Figure 3C). The AUC (0.864, 95% CI 0.799–0.931) was significantly higher than that of the ACR-Score model (0.802, 95% CI 0.719–0.886) in the validation cohort (Figures 4A, B).


Table 3 | Performance of the ACR-Rad nomogram for predicting malignant thyroid nodules in the training and validation cohorts.






Figure 4 | Receiver operating characteristic (ROC) curves of the ACR-Rad nomogram and ACR-Score model in the training (A), validation (B), and entire (C) cohorts.





Clinical Utility of the ACR-Rad Nomogram

The ICC of ACR-Score (0.677) was considerably lower than that of the Rad-Score and predicted malignancy risk (0.901 and 0.844, respectively). For senior and junior radiologists, the utilization of the ACR-Rad nomogram significantly improved the predictive value for predicting malignant thyroid nodules in terms of AUC, NRI, and IDI compared to the ACR-Score model in entire cohort (all p <0.001) (Table 4 and Figure 4C). Moreover, favorable calibration of the nomogram was confirmed in both radiologists (Hosmer–Lemeshow test p = 0.715 and 0.415, respectively) (Supplementary Figure E5). The DCA demonstrated that the nomogram had a higher overall net benefit than the ACR-Score model, and was more beneficial than either the treat-all or the treat-none strategy (Figure 5).


Table 4 | Performance of the ACR-Rad nomogram for predicting malignant thyroid nodules with interpretations from the senior and junior radiologists.






Figure 5 | Decision curve analysis (DCA) of the ACR-Rad nomogram in predicting malignancy in thyroid nodules for the senior and junior radiologists. The vertical axis measures standardized net benefit. The horizontal axis shows the corresponding risk threshold. The DCA showed that the ACR-Rad nomogram had a higher overall net benefit than the ACR-Score model for both senior and junior radiologist.



When applied with the ACR-Rad_max, specificity, accuracy, and PPV significantly increased with unnecessary FNA rates significantly decreasing but at the expense of significantly decreased sensitivity in comparison to ACR TI-RADS for both senior and junior radiologists. With ACR-Rad_20%/30%/40%, the specificity improved insignificantly for the senior radiologist. With ACR-Rad_50%, the significantly increased specificity, accuracy, and PPV and decreased unnecessary FNA rate were observed for the junior radiologist, and the significantly increased specificity was presented for the senior radiologist as well (all p < 0.05), with no difference in sensitivity and negative predictive value (NPV) (p > 0.05) (Table 5).


Table 5 | Diagnostic performance and unnecessary FNA rates of ACR TI-RADS and risk cutoff values for the ACR-Rad nomogram.






Discussion

In this study, we proved that BMUS radiomics and the ACR-Rad nomogram based on it and ACR TI-RADS can accurately predict malignancy in thyroid nodules, and the nomogram showed significantly better discrimination and calibration performance than the guideline alone. Excellent repeatability and clinical application of the nomogram were demonstrated in the entire cohort. With performing with 50% risk cutoff, the nomogram increased the specificity, accuracy, and PPV and decreased the unnecessary FNA rates of ACR TI-RADS for radiologists of different proficiency levels.

Predicting malignant thyroid nodules and reduction in the number of meaningless biopsies are original intentions of many guidelines that the ACR TI-RADS can meet. The ACR guideline assigns points to the five feature categories of BMUS. The sum of the points is used to determine the probability of malignancy and provides recommended management procedures (16). However, the clinical application of the ACR guideline is strongly subjective (6, 13, 14). Hoang et al. (6) found that when the judgment of composition was wrong, malignant nodules would be misclassified. Although the ACR risk stratification system is fault-tolerant, in our study, the interobserver agreement was unsatisfactory (ICC = 0.677) and lower than that of the Rad-Score and risk prediction value of the nomogram (ICC = 0.901 and 0.844, respectively). The reason may be due to weaker judgment of the junior radiologist in scoring spongiform, very hypoechoic and ill defined. Furthermore, the specificity of the ACR TI-RADS is weak (38.85%–57.96% in our study).

Previous studies have reported that combining clinical characteristics (such as age, thyrotropin, or sex) with ultrasound features (such as ACR TI-RADS lexicon, hypoechoic halo, or blood flow) slightly increased the accuracy of these models in discriminating malignant nodules from benign nodules than risk stratification systems (23, 24). However, the abovementioned clinical characteristics in the study of Liang et al. (13) were not significantly different. In our study, there was no significant difference in the gender. Moreover, other subjective ultrasound features might make little contribution to solve current challenges.

With the recent development of radiomics, its application in predicting the malignancy of thyroid nodules has received attention. Previous studies reported that radiomics showed good performance in predicting thyroid cancer, which was even higher than the risk classification guidelines with interpretations from non-experts (13, 25, 26). In our study, both the ACR-Score and Rad-Score were independent predictive factors of malignant nodules, and the Rad-Score had favorable diagnostic performance in magnificent nodules. However, radiomics alone cannot improve the performance of the ACR TI-RADS for senior radiologists who are experienced to evaluate comprehensively ultrasound features correlated with properties of the nodules (15).

Park et al. (14) demonstrated that when combined with a 5% predicted malignancy risk cutoff of radiomics with the ACR or American Thyroid Association (ATA) guidelines, the performance significantly increased and unnecessary FNA rates reduced; in consequence, combining radiomics with ultrasound-based risk stratification systems is a potential approach to predict magnificent thyroid nodules. Luo et al. (27) constructed a nomogram including the Rad-Score and feature categories of the ACR TI-RADS and determined that a combination model was better than radiomics and the ACR TI-RADS alone for discriminating benign and malignant thyroid nodules. In our study, the ACR-Rad nomogram could be a more convenient tool to combine the ACR-Score and Rad-Score and a better predictive model for thyroid cancer. For senior and junior radiologists, the nomogram had significantly improved predictive performance in comparison with the ACR TI-RADS.

The radiomics model has not been sufficiently evaluated by prior studies, which were limited to comparisons of discrimination performance or only had senior radiologists assigned to score and delineate nodules (28, 29). Our study evaluated the repeatability, discrimination, and clinical utilization of the ACR-Rad nomogram applied by senior and junior radiologists, proving that there was strong consistency in processing nodule texture information and it significantly increased the predictive performance among radiologists of different proficiency levels, which can compensate for the relatively low repeatability and accuracy of ACR TI-RADS. Moreover, the appropriate cutoff of the ACR-Rad nomogram can significantly reduce unnecessary FNA rates, increase the specificity and PPV, and maintain the high sensitivity of the guideline especially for junior radiologists.

Our study had several limitations. First, this study was a single-center retrospective study; thus, selection bias may be inevitable. The proportion of benign nodules in this study was much lower than that in other studies (13–15), because we chose nodules with postoperative pathology instead of FNA or follow-up. Second, BMUS images were only acquired with Philips ultrasound instruments. We should investigate the influence from images of different ultrasound instruments. Third, on account of the overlap between the shape features and the ACR TI-RADS, we did not analyze them. The predictive performance of shape features should be explored further.

In conclusion, the ACR-Rad nomogram, combined with ACR TI-RADS and BMUS radiomics, has the potential to be a convenient and accurate tool to predict malignancy and improve performance for radiologists at different proficiency levels in thyroid nodules.
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Objective

This study aims to develop and externally validate a contrast-enhanced magnetic resonance imaging (CE-MRI) radiomics-based model for preoperative differentiation between fat-poor angiomyolipoma (fp-AML) and hepatocellular carcinoma (HCC) in patients with noncirrhotic livers and to compare the diagnostic performance with that of two radiologists.



Methods

This retrospective study was performed with 165 patients with noncirrhotic livers from three medical centers. The dataset was divided into a training cohort (n = 99), a time-independent internal validation cohort (n = 24) from one center, and an external validation cohort (n = 42) from the remaining two centers. The volumes of interest were contoured on the arterial phase (AP) images and then registered to the venous phase (VP) and delayed phase (DP), and a total of 3,396 radiomics features were extracted from the three phases. After the joint mutual information maximization feature selection procedure, four radiomics logistic regression classifiers, including the AP model, VP model, DP model, and combined model, were built. The area under the receiver operating characteristic curve (AUC), diagnostic accuracy, sensitivity, and specificity of each radiomics model and those of two radiologists were evaluated and compared.



Results

The AUCs of the combined model reached 0.789 (95%CI, 0.579–0.999) in the internal validation cohort and 0.730 (95%CI, 0.563–0.896) in the external validation cohort, higher than the AP model (AUCs, 0.711 and 0.638) and significantly higher than the VP model (AUCs, 0.594 and 0.610) and the DP model (AUCs, 0.547 and 0.538). The diagnostic accuracy, sensitivity, and specificity of the combined model were 0.708, 0.625, and 0.750 in the internal validation cohort and 0.619, 0.786, and 0.536 in the external validation cohort, respectively. The AUCs for the two radiologists were 0.656 and 0.594 in the internal validation cohort and 0.643 and 0.500 in the external validation cohort. The AUCs of the combined model surpassed those of the two radiologists and were significantly higher than that of the junior one in both validation cohorts.



Conclusions

The proposed radiomics model based on triple-phase CE-MRI images was proven to be useful for differentiating between fp-AML and HCC and yielded comparable or better performance than two radiologists in different centers, with different scanners and different scanning parameters.
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Introduction

Hepatic angiomyolipoma (AML) is a mesenchymal benign tumor belonging to the perivascular epithelioid cell tumors (PEComas), which is a group of tumors believed to be derived from perivascular epithelioid cells and the co-expression of melanocytic and muscle marker. Histologically, it contains variable proportions of blood vessels, smooth muscle cells, and adipose tissue. Although only a few hundred cases of hepatic AMLs have ever been recorded all over the world, increasing numbers of cases are being reported due to the development of modern imaging techniques in recent years (1). The hepatic AML lesions often grow slowly and do not cause any clinical symptoms. Therefore, once the diagnosis of AML is established, conservative treatment and annual imaging follow-up is recommended in patients without indications for surgical resection (2). Typically, the diagnosis of AML is suggested in the case of a middle-aged woman when a solitary tumor occurs in a noncirrhotic liver and intratumoral macroscopic fat is detected on computed tomography (CT) or magnetic resonance imaging (MRI) (3). However, the amount of fat component in the hepatic AML varies greatly, ranging from 10 to 90% of the tumor volume (4) and, in some instances, cannot be easily identified on imaging (5, 6). In that case, many radiologists tend to misdiagnose these fat-poor AMLs (fp-AMLs) as other common hypervascular liver tumors, particularly hepatocellular carcinoma (HCC), with a frequency of 50% due to the overlapping imaging features (7), especially in areas with a high prevalence of hepatic viral infections like China. This can lead to unsuitable therapeutic schemes such as surgical therapy and liver transplantation. Therefore, it is crucial to accurately distinguish between fp-AML and HCC before surgery.

Unfortunately, correct preoperative diagnosis of fp-AML is currently challenging and mainly depends on histological findings. It is well known that a clinical history of chronic liver disease may be an important clue for the diagnosis of HCC, such as cirrhosis caused by hepatitis B virus (HBV) or hepatitis C virus (HCV) or excessive alcohol use. However, up to 20–30% of HCCs can develop in patients with normal livers (8). Hepatic AML has also been reported to occur in hepatitis B carriers (9). In terms of imaging, it has been proven that it is difficult to differentiate fp-AML from HCC in noncirrhotic liver by the use of only a dynamic enhancement pattern as most of the tumors are seen as a well-defined, hypervascular enhancing mass on arterial phase (AP), followed by a washout pattern on venous phase (VP) or equilibrium phase (6). Besides this, although previous studies pointed out that the presence of early draining vein and absent tumor capsule were useful findings for the differentiation of fp-AML from HCC in noncirrhotic liver (6, 10), these signs were subjective and dependent on the experience of the radiologist (5). In addition, preoperative fine needle aspiration cytology (FNAC) of AML can obtain definite histological evidence to improve the diagnostic accuracy with negligible risk (11). However, FNAC has some limitations because the trabecular growth pattern in hepatic epithelioid AML may mimic the cells of HCC (12).

Radiomics is an emerging field in image analysis, which extracts a large number of high-dimensional quantitative features from the image data and provides information that reflects the underlying pathophysiology (13). Several studies have proven that MRI-based radiomics features have the ability to discriminate different tumor phenotypes (14–17). We assumed that, using radiomics, we could extract and quantify the differences in conventional contrast-enhanced MRI (CE-MRI) images between fp-AML and HCC.

In this study, we aimed to develop a radiomics model based on triple-phase CE-MRI images to differentiate between fp-AML and HCC in the noncirrhotic liver and validate using external data. Moreover, we compared the diagnostic performance of radiomics model and radiologists in distinguishing these two kinds of tumors.



Materials and Methods


Patient Population

This multicenter retrospective study was carried out in three centers: Shanghai Zhongshan Hospital (center A), Guangdong Sun Yat-Sen University Cancer Center (center B), and Guangdong Provincial People’s Hospital (center C), approved by the institutional review board of each center, and patient informed consent was waived.

The patient enrollment process for this study is shown in Figure 1. First, a thorough search of the electronic medical record system of each center was performed between January 2012 and December 2019 for the diagnosis of hepatic AML. All the patients who both had a histologic diagnosis of AML and had undergone a liver MRI using the contrast agent gadolinium-diethylene triamine pentaacetic acid (Gd-DTPA) within 15 days before their surgery were included. The exclusion criteria were as follows: (1) patients with the presence of macroscopic intralesional fat on unenhanced T1-weighted (T1W) images (lose signal at fat saturation imaging or demonstrate etching artifact at the fat–water interface at chemical shift imaging) (18), (2) patients who received chemotherapy or radiotherapy before surgery, and (3) patients with insufficient CE-MRI image quality or improper timing for dynamic enhancement sequence.




Figure 1 | The patient enrollment process for this study.



To establish a control group, we subsequently searched the same databases of each hospital for an initial diagnosis of HCC during the same period by applying the same inclusion criteria. The exclusion criteria were as follows: (1) lesions with obvious necrosis, cyst, hemorrhage, or macroscopic fat, (2) lesions with hypo-enhancement on AP, (3) patients who received chemotherapy or radiotherapy before surgery, (4) patients with multiple HCCs, (5) patients with insufficient CE-MRI image quality or improper timing for dynamic enhancement sequence, (6) lesions with intrahepatic vascular invasion or extrahepatic metastases, and (7) patients with morphologic liver cirrhosis (19). Consequently, the patients who had a single and hypervascular HCC without definite evidence of morphologic cirrhosis were identified in each center. In view of the fact that AMLs are much less common than HCCs, we randomly selected some of these patients according to the ratio of 1:2 to alleviate the offset caused by the distribution and improve the statistical power (20), relative to the number of AML patients who were eventually enrolled in each center, using a commercially available random number generator (QuickCalcs, GraphPad).

In total, 165 patients were enrolled in this multicenter study, including 55 fp-AMLs (center A, n = 41; center B, n = 11; and center C, n = 3) and 110 HCCs (center A, n = 82; center B, n = 22; and center C, n = 6). Considering the small sample sizes of center B and center C, we grouped the patients from these two centers into one external validation cohort.

For center A, according to the TRIPOD statement, the patients were divided into training and internal validation cohorts according to the time of receiving surgical treatment and the ratio of 4:1. A total of 99 patients treated between February 2012 and January 2017 constituted the training cohort, whereas 24 patients treated between March 2017 and December 2019 constituted the internal validation cohort.



CE-MRI Image Acquisition

The MRI examinations were performed using 1.5- or 3.0-T systems from various vendors. At each center, the MRI protocols contained unenhanced images and dynamic sequences after an intravenous contrast agent injection, including axial fat saturation (fs) T2-weighted (T2W), T1W in-phase/out-of-phase, unenhanced axial fs T1W and dynamic triple-phase CE-MRI. All patients received 0.2 mmol/kg body weight of Gd-DTPA (Magnevist, Bayer Schering Pharma, Berlin, Germany) via a power injector (Spectris Solaris® EP MR, MEDRAD Inc., Indianola, IA, USA) at an infusion rate of 1.5–2 ml/s. After an intravenous contrast agent injection, three-dimensional fs T1W gradient-echo sequence [VIBE (Siemens Healthcare), LAVA (GE Healthcare), and THRIVE (Philips Healthcare)] was used to acquire dynamic enhanced images. The images in AP, VP, and delayed phase (DP) were acquired during suspended respiration at 25–35, 60–75, and 150–180 s, respectively. The detailed parameters of CE-MRI sequences used in each imaging center are reported in Table 1.


Table 1 | Detailed parameters of contrast-enhanced three-dimensional fs T1W gradient-echo sequences in each center.





Radiologists Interpretation of the Enhanced MRI Images

Two abdominal radiologists (XZ and YZ, with 10 and 5 years of experience, respectively) independently reviewed the images of the internal and the external validation cohort. The radiologists were blinded to clinical information and did not know the exact number of each type of tumor but were aware that the tumors were finally diagnosed with fp-AML or HCC. The two radiologists assessed each specific phase and judged this based on the signal intensity of majority of the tumor. According to the features defined with reference to the definitions and annotations in the Liver Imaging Reporting and Data System (LI-RADS) (21), the main signs that were often used for differential diagnosis between fp-AML and HCC were recorded, including the draining hepatic vein and intra-tumor vessel, the presence of a complete capsule, and the pattern of enhancement (wash in and wash out or prolonged enhancement). When the lesion demonstrated specific MRI features such as intra-tumor vessel, draining hepatic vein, prolonged enhancement, no washout in the VP, and lack of complete capsule, it would be classified as fp-AML; otherwise, it would be classified as HCC (3, 10).



Radiomics Workflow

An overview of our workflow is illustrated in Figure 2. Firstly, the enhanced MRI data were collected, including the AP, VP, and DP images. Then, the images of each phase were normalized by the histogram-matching method. The delineation was performed on AP and then registered to the other two phases, and the misalignment was manually corrected. For each phase, the radiomic features were extracted from the tumor region of the original images and the preprocessed images. Finally, the feature selection method was used to select the optimal feature subset. The models were trained by the cross-validation procedure and evaluated in the internal and external validation cohort.




Figure 2 | The workflow of our study. (1) The collection of CE-MRI data, including the arterial phase (AP), venous phase, and delayed phase images. (2) Histogram matching: The images of each phase were matched to the corresponding phase of the first patient by histogram matching. (3) Tumor segmentation: The delineation was performed on AP and then registered to the other two phases, and the misalignment was manually corrected. (4) Radiomic feature extraction: For each phase, the radiomic features were extracted from the tumor region of the original images and the preprocessed images. (5) Machine learning. The feature selection method was used to select the optimal feature subset, and then the models were trained by the cross-validation procedure and evaluated on the internal and external validation cohort.





The Segmentation of Tumor Images

The tumor volume of interest (VOI) was manually delineated slice by slice using the Medical Imaging Interaction Toolkit (MITK) software (v.2013.12.00, Heidelberg, Germany), referencing to the sagittal and coronal images reconstructed by the software. To reduce the workload of segmentation and increase the accuracy of tumor contouring, differently from many previous studies, the manual VOI delineation was performed only on the AP images in our study, and delineation was registered to the DP and VP images by DEEDs, an efficient 3D discrete deformable alignment algorithm (22), in accordance with the image information of the three phases. It was proved that the DEEDs algorithm outperformed the other common registration algorithm and achieved a dice coefficient of 0.70 for the four large organs (liver, spleen, and kidneys) (23). Then, the misalignment between the image and the registered contour on the other two phases was manually corrected. In this way, when the part or whole of the tumor had a similar signal intensity to the surrounding liver parenchyma and it was difficult to manually outline the contour on a single phase, the VOI of AP could be used for reference, and the tumor contour could be relatively accurately confirmed under the condition of triple-phase image registration.

The inter-observer reliability and intra-observer reproducibility of feature extraction were tested using the inter- and intra-class correlation coefficients (ICCs). After 30 cases of CE-MRI images (10 fp-AMLs and 20 HCCs) were selected randomly, radiologist 1 (XZ) and radiologist 2 (YZ) performed VOI segmentation manually, respectively. Radiologist 2 repeated the VOI segmentation 2 weeks later to assess the intra-observer reproducibility. The feature extraction was considered to represent a good agreement when the ICC was greater than 0.8. The remaining image segmentation was performed by radiologist 2 and reviewed by radiologist 1.



Radiomics Feature Extraction

In the case of MRI, the signal intensity values vary according to the acquisition parameters used, which affect the extracted radiomic features (24). To calibrate the variations due to the scanner manufacturer and magnetic field strength in our cohort, histogram standardization (25) was used to match the input image histogram onto the standard image (in our case, the MRI of the first patient in the training cohort).

Radiomics extraction was performed using Pyradiomics V2.1.0. The images were resampled to a pixel spacing of 1 × 1 × 1 mm to counteract the interference caused by the non-uniform spatial resolution. Then, the original images were preprocessed by the wavelet filters or Laplacian of Gaussian filters with different parameters. For each phase, 1,132 radiomic features were obtained from the original images and the preprocessed images: (1) 234 first-order features, (2) 14 shape-based features, (3) 286 gray-level co-occurrence matrix features (GLCM), (4) 208 gray-level size zone matrix features (GLSZM), (5) 208 gray-level run length matrix features, and (6) 182 gray-level dependence matrix features (GLDM). Finally, a total of 3,396 radiomic features were extracted from triple-phase CE-MRI images for each patient.



Construction and Validation of the Radiomics Signatures

The radiomic features extracted from the AP, VP, and DP images were used to build the AP model, VP model, and DP model, respectively. Then, the combined model was trained on all radiomic features of the images of three phases. The construction strategies of the four models were the same.

The features were normalized by Z-score normalization before the model building. To avoid information disclosure, the mean and standard deviation values were calculated only on the training set, and the entire dataset was normalized by the mean and standard deviation values from the training set. The features with poor consistency (intra-ICC or inter-ICC lower than 0.8) were filtered out. To reduce the redundancy of the features and to avoid overfitting, the joint mutual information maximization (JMIM) method (25), which utilizes mutual information and the maximum–minimum criterion, was used to select the subset of features. Considering the sample size of the training cohort, 10 radiomic features (10% of the sample size of the training cohort) were selected to avoid over-fitting (26). The logistic regression (LR) model was built by a repetitive (five runs) 10-fold cross-validation using the training cohort. After the hyper-parameters were determined by the cross-validation procedure, the LR model with optimal parameters was built on the entire training cohort.

The area under the receiver operator characteristic (ROC) curve was used to evaluate the performance of the radiomic models. After the cutoff value that maximizes the Youden Index was obtained on the cross-validation result, the accuracy, sensitivity, and specificity were also calculated. The output of the prediction was calibrated by the isotonic regression method.



Statistical Analysis

The ROC curves were drawn by using Matplotlib (version 3.1.0), and the area under the ROC curve (AUC), accuracy, sensitivity, and specificity were calculated by the Scikit-learn python package (version 0.20.3). The kappa consistency test was adopted to assess inter-observer agreement between the two radiologists. The level of agreement was interpreted as slight if κ was 0.01 to 0.20, fair if 0.21 to 0.40, moderate if 0.41 to 0.60, substantial if 0.61 to 0.80, and almost perfect if 0.81 to 1. The DeLong test was used for pairwise comparisons between the combined model and the remaining three models and between the best-performing radiomics model and each radiologist. For the comparison of the sensitivity and specificity between the best-performing radiomics model and the assessment of the radiologists, the McNemar chi-square test was employed. The abovementioned statistical analysis was performed on R software (version 3.6.0; https://www.r-project.org/) environments. A two-sided p <0.05 was considered statistically significant throughout the study.




Results


Patient Demographics

The mean age of patients in the fp-AML group was lower than that of patients in the HCC group (47.1 ± 12.6 vs. 55.8 ± 12.0 years, t = -4.306, p < 0.001). Male predominance was observed in the HCC group, while most fp-AML patients were female [87% (48/55) vs. 18% (20/110), p < 0.001].

There was no patient with tuberous sclerosis in the fp-AML group. In the HCC group, more patients had a preexisting chronic liver disease that was caused by chronic HBV or HCV infection, compared with those with fp-AML [79% (87/110) vs. 9% (5/55), p < 0.001). None of the HCCs was of the fibrolamellar variant.



Radiomics Analysis

Of the 3,396 radiomics features extracted from AP, VP, and DP images, 2,585 were demonstrated to have a good inter- and intra-observer agreement, including 958 AP features, 823 VP features, and 804 DP features. Then, the JMIM feature selection method selected 10 optimal features for each model. For the combined model, the 10 optimal features included seven features from AP, two features from DP, and one feature from VP.

The detailed diagnostic performance of each model is shown in Table 2. The AUCs of the AP model, the VP model, and the DP model reached 0.711 (95%CI, 0.489–0.933), 0.594 (95%CI, 0.339–0.848), and 0.547 (95%CI, 0.257–0.837) in the internal validation cohort and 0.638 (95%CI, 0.466–0.809), 0.61 (95%CI, 0.434–0.786), and 0.538 (95%CI, 0.355–0.722) in the external validation cohort. The combined model reached the AUC of 0.789 (95%CI, 0.579–0.999) in the internal validation cohort, significantly higher than the VP model (p = 0.015) and the DP model (p = 0.004). In the external validation cohort, the AUC of the combined model was 0.730 (95%CI, 0.563–0.896), also significantly higher than the VP model (p = 0.035) and the DP model (p = 0.008). The ROC curves are shown in Figure 3.


Table 2 | The detailed performance of arterial phase (AP) model, venous phase (VP) model, delayed phase (DP) model, and combined model.






Figure 3 | The receiver operating characteristic curves of the four models and the performance of the two radiologists on the internal validation cohort (A) and on the external validation cohort (B).



With the cutoff value of 0.6 that maximizes the Youden Index, the accuracy, sensitivity, and specificity of the combined model reached 0.708, 0.625, and 0.75 in the internal validation cohort and 0.619, 0.786, and 0.536 in the external validation cohort, respectively. The accuracy and the specificity of the combined model were higher or comparable than the other three single-phase models in the internal and the external validation cohorts. The sensitivity of the combined model was not lower than the other single-phase models on the internal validation cohort and the external validation cohort, except for the AP model.

The beta coefficients of the combined model were viewed as the importance of the features (illustrated in Figure 4), and the formula used to calculate the predicted probability of fp-AML by the combined model is listed in Supplementary Data S1. The features that contributed most to the diagnosis of fp-AML were wavelet-LLL_firstorder_RootMeanSquared_ap, wavelet-LLL_firstorder_Mean_ap, and original_firstorder_90Percentile_ap. On the other side, the features that contributed most to the diagnosis of HCC were wavelet-LHL_firstorder_Mean_vp, wavelet-LHH_glszm_LowGrayLevelZon-eEmphasis_ap, and wavelet-HLL_firstorder_RootMeanSquared_vp. The waterfall figure of the calibrated prediction results of each case is shown in Figure 5.




Figure 4 | The importance of the features of the combined model.






Figure 5 | The calibrated radiomics scores for each patient in the training, internal validation, and external validation cohorts. The red bars represent the scores for fat-poor angiomyolipoma patients, while the blue bars represent the scores for the hepatocellular carcinoma patients.





Compared With the Interpretation of the Radiologists

The comparison of diagnostic performance between the models and the radiologists is shown in Figure 3 and Table 3. The interobserver agreement (κ) values between the two radiologists were 0.565 in the internal validation cohort and 0.146 in the external validation cohort. The AUCs of radiologist 2 reached 0.594 (95%CI, 0.375–0.813) and 0.500 (95%CI, 0.351–0.649) in the internal and external validation cohorts, respectively, significantly inferior to the combined model (p = 0.043 and 0.027). The AUCs of radiologist 1 were 0.656 (95%CI, 0.442–0.871) and 0.643 (95%CI, 0.486–0.799) in the internal and external validation cohorts, respectively, tending to be lower than the combined model, but not significant (both p >0.05). In the internal and external validation cohorts, the differences in accuracy, sensitivity, and specificity between the combined model and each radiologist were not statistically significant (all p > 0.05), except that the sensitivity of radiologist 2 was significantly lower than that of the combined model (p = 0.023). Representative cases in which diagnoses were corrected using the radiomics approach are shown in Figure 6.


Table 3 | The detailed comparison between the performance of two radiologists and the combined model.






Figure 6 | Two representative cases: case 1 (A–C), a 65-year-old female without chronic hepatitis B virus (HBV) infection, and case 2 (D–F), a 36-year-old female with chronic HBV infection. These two cases were both misdiagnosed as hepatocellular carcinoma by two radiologists, whereas the model output was consistent with the correct diagnosis of fat-poor angiomyolipoma.






Discussion

The present study showed that the combined radiomics model incorporating triple-phase CE-MRI images had a favorable predictive value for differentiating fp-AML from HCC in patients without morphological liver cirrhosis, with the AUCs of 0.866, 0.789, and 0.730, respectively, in the training cohort, internal validation cohort, and external validation cohort. The performance of the model was comparable to that of an experienced radiologist with 10 years of experience and better than that of a junior radiologist with 5 years of experience in both the internal validation cohort and the external validation cohort. To the best of our knowledge, this study represents the first multi-center and multi-scanner assessment of the role of multi-phase CE-MRI-based machine learning to differentiate fp-AML from HCC with a large sample size. The performance of this approach in the external validation cohort is encouraging, which suggests its potential to augment the diagnostic performances of radiologists, even in different centers with different scanners or different scanning parameters.

Many previous studies have used various strategies to discriminate between fp-AML and HCC. Due to the rarity of hepatic AML, especially the cases with no or minimal fat, most of these studies enrolled a small number of patients. A study with a relatively large sample size of 30 hepatic epithelioid AML indicated that specific MRI features, such as intra-tumor vessel, draining hepatic vein, prolonged enhancement, and lack of capsule, may contribute to a more confident diagnosis, consistent with the results of some previous reports (7, 27). However, some authors have put forward different views. Kim et al. (5) investigated 12 patients with lipid-poor AML and 27 patients with HCC and analyzed the presence of peripheral capsule and several imaging features related with the vascular components of AMLs on MRI images, including the feeding artery dilatation, multiple aneurysmal arteries, and the early draining veins. They found that none of these imaging features was significantly different between lipid-poor AML and HCC. The authors speculated that this could be explained by the fact that AML and HCC were both hypervascular tumors that frequently shared similar imaging features related to their vascular component and also might be attributed to the weaker arterial enhancement of gadoxetic acid and the lower spatial resolution of MRI compared to CT. In comparison to the different literatures regarding the frequency of the drainage veins on CT or MRI images in AML patients, the value varied greatly, ranging from 25 to 83.3%, according to previous reports (5, 6, 28). As to the incidence of tumor psudocapsule, this feature was reported to be found in 11.1– 42% of AMLs (3, 5). Those differences, on the one hand, could be attributed to the differences of sample sizes, patient composition, and scanning methods among these studies; on the other hand, this could also mean that the evaluation of these imaging signs is subjective and depends on the experiences of the radiologist—for example, it was pointed out that sometimes it was hard to differentiate the enhanced tumor vessels in the peripheral portion from the tumor capsules in AMLs (28). This may also explain the poor or moderate degree of agreement of the diagnosis results of the two radiologists in our study. Although having been properly trained before on the interpretation of MRI images for an accurate understanding of the useful imaging signs and following clear instructions for diagnosis in our study, radiologist 2 showed a relatively low and unsatisfactory level of sensitivity in the diagnosis in the external validation cohort due to limited diagnostic experience. Besides this, Kim et al. (5) also proposed that lipid-poor AML frequently showed more homogeneous hypointensity than HCC on the hepatobiliary phase of gadoxetic acid-enhanced MRI, and this feature could better differentiate these two diseases. However, gadoxetic acid-enhanced MRI is currently not the first-line examination of focal hepatic lesions in China due to its higher price than the conventional extracellular contrast agents and the longer scan time. Hence, compared to subjective and qualitative analyses, radiomics is objective, quantitative, and reproducible. Moreover, the radiomic analysis based on Gd-DTPA-enhanced conventional MRI images in our study does not require additional scanning time and cost, and it might prove to be a practical tool.

Our study indicated that, compared with the VP and DP models, the AP radiomics model showed a higher AUC. After adding the three phases of images together to form a combined model, the final radiomics signature contained 10 features: seven from the AP, two from the VP, and one from the DP. These results indicated that AP played a major role in distinguishing these two tumors. Although it is well known that AML and HCC usually both demonstrate intense contrast enhancement, these two tumors still seem to be different on AP. It had been proved that tumoral vessels connecting with the early draining vein in AML were more prominent and ectatic than those in HCC, and the latter tends to be faint and negligible (6). Thus, even if not showing obvious differences by visual assessment, conventional AP images might still reflect underlying, invisible, histological differences. Our results suggested that radiomics could detect these microscopic differences between fp-AML and HCC contained in routine AP images. Actually, our results were consistent with a previous study based on the measurement of mean attenuation values with 12 patients who underwent CT (28). In that study, the authors demonstrated that the hepatic AML appeared to have a more intense contrast enhancement and higher mean attenuation values exceeding 120 HU than that of HCCs on AP.

As far as we know, there is only one study based on MRI radiomics to distinguish hepatic AML from HCC. Recently, Liang et al. (7) demonstrated that the radiomics model based on AP images performed well in distinguishing epithelioid AML from HCC and focal nodular hyperplasia, especially for MRI. This was similar to our results; however, the study had not been externally verified, and the performance of the model in other participant data was not clear (26). Furthermore, unlike our study, they only used the AP images and single-layer region of interest. As mentioned above, the accuracy and specificity of the combined model were higher or comparable than the other three single-phase models in the internal and external validation cohorts in our study. Therefore, it is a better choice to combine data from multiple phases. However, whether the VOI analysis is superior to the single-layer analysis is still an unresolved question. Considering that previous studies (29, 30) had confirmed that a whole-tumor analysis had higher inter-observer consistency and better ability to reflect tumor heterogeneity than a two-dimensional analysis, we used VOI analysis in this study.

A previous study has explained the relationships between image features and texture parameters (31), which have different meanings and are expected to be related to histological features that reflect tumor heterogeneity. In our study, fp-AML was positively associated with wavelet-GLCM-inverse difference normalized on DP and AP. Interestingly, this feature reflects the local homogeneity of an image, which may be explained by the lower tissue homogeneity in HCC compared with that in fp-AMLs. Moreover, we found that HCC was significantly associated with the histogram parameters on VP, which reflected the characteristics of earlier washout on VP in HCCs (3). Besides this, GLSZM-low-gray-level-zone-emphasis (LGLZE) on AP was one of the top three ranked parameters for predicting HCC in our study. The GLSZM provides information on the size of the homogeneous zones for each gray level in three dimensions, and LGLZE is the distribution of the low gray level zones. According to a previous study, compared to high gray-level values, gray level runs with low gray-level values in two-dimensional images of the cell nuclei in ovarian cancer patients, indicating a higher probability for strong invasion ability and a poor prognosis (32), which seemed to be in agreement with our results.

There are several limitations in our study. Firstly, compared with HCC, fp-AML is encountered less frequently in clinical practice owing to its rarity. Although we performed a multicentric trial employing a relatively larger sample size, the number of patients with fp-AML was still far less than the patients with HCC. However, our study of 55 patients represents, to our knowledge, the largest cohort of hepatic fp-AML patients analyzed for differential diagnosis of HCC so far. In addition, we followed a fp-AML–HCC ratio of 1:2 to lessen the impact of imbalanced datasets that exist. Secondly, using multicentric CE-MRI datasets for radiomic feature extraction can pose a greater challenge due to the variations resulting from differences in imaging equipment and acquisition parameters. To overcome this problem, we adopted the histogram matching techniques to correct scanner-dependent intensity variations. Besides this, it has been proved that if the spatial resolution of the MRI images used in radiomics analysis is high enough, it can offset the influence of different scan parameters on the results (33). In our study, all three centers adopted three-dimensional fs T1W gradient-echo sequence for dynamic enhancement imaging, which provided high-slice selective spatial resolution (2 to 3 mm) (34). Thirdly, radiomics signature was constructed using CE-MRI images only in this multicenter study. The reason was that the CE-MRI images were retrospectively collected, so we finally adopted only the enhanced sequence to obtain the largest possible sample size.

In conclusion, this multicenter study indicates the proposed CE-MRI-based radiomics model incorporating triple-phase images that can be useful for differentiating between fp-AML and HCC and yields comparable or better performance than that of two radiologists in both the internal validation cohort and the external validation cohort.
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Objective

To confirm the diagnostic performance of computed tomography (CT)-based texture analysis (CTTA) and magnetic resonance imaging (MRI)-based texture analysis for grading cartilaginous tumors in long bones and to compare these findings to radiological features.



Materials and Methods

Twenty-nine patients with enchondromas, 20 with low-grade chondrosarcomas and 16 with high-grade chondrosarcomas were included retrospectively. Clinical and radiological information and 9 histogram features extracted from CT, T1WI, and T2WI were evaluated. Binary logistic regression analysis was performed to determine predictive factors for grading cartilaginous tumors and to establish diagnostic models. Another 26 patients were included to validate each model. Receiver operating characteristic (ROC) curves were generated, and accuracy rate, sensitivity, specificity and positive/negative predictive values (PPV/NPV) were calculated.



Results

On imaging, endosteal scalloping, cortical destruction and calcification shape were predictive for grading cartilaginous tumors. For texture analysis, variance, mean, perc.01%, perc.10%, perc.99% and kurtosis were extracted after multivariate analysis. To differentiate benign cartilaginous tumors from low-grade chondrosarcomas, the imaging features model reached the highest accuracy rate (83.7%) and AUC (0.841), with a sensitivity of 75% and specificity of 93.1%. The CTTA feature model best distinguished low-grade and high-grade chondrosarcomas, with accuracies of 71.9%, and 80% in the training and validation groups, respectively; T1-TA and T2-TA could not distinguish them well. We found that the imaging feature model best differentiated benign and malignant cartilaginous tumors, with an accuracy rate of 89.2%, followed by the T1-TA feature model (80.4%).



Conclusions

The imaging feature model and CTTA- or MRI-based texture analysis have the potential to differentiate cartilaginous tumors in long bones by grade. MRI-based texture analysis failed to grade chondrosarcomas.





Keywords: cartilaginous tumors, texture analysis, chondrosarcoma, enchondroma, radiology



Introduction

Cartilaginous neoplasms are a heterogeneous group of bone tumors with abundant chondroid matrix and hyaline cartilage differentiation (1). The majority of cartilaginous neoplasms are enchondromas, the second most common benign bone tumors, with an incidence of 2.9% in the knee and 2.1% in the shoulder as detected by routine MR examinations (2). Chondrosarcomas are the second most frequent malignant bone tumors next to osteosarcoma, accounting for nearly 20–27% of bone sarcomas (3), and can be stratified into grades 1 to 3 and dedifferentiated chondrosarcoma based on their histopathological findings (1, 4).

Notably, 30% of chondrosarcomas are grade 1, which are low-grade neoplasms with low recurrence rates, locally aggressive behavior and limited metastatic probability (5, 6). In contrast, high-grade chondrosarcomas include grade 2, grade 3, and dedifferentiated chondrosarcomas, and these have higher recurrence rates, metastatic spread and poor survival outcomes, with a five-year survival rate of 53% (7). Given the indolent clinical course of enchondromas, active surveillance is supported to avoid unnecessary surgeries; meanwhile, surgical excision is of paramount importance for chondrosarcomas (8, 9). On imaging, typical chondrogenic tumors present with lobulated patterns, with hyperintensity on T2-weighted magnetic resonance imaging (MRI) and ring- and arc- or popcorn-like calcifications on computed tomography (CT) (10). However, enchondromas and low-grade chondrosarcomas can both demonstrate typical chondrogenic images. Therefore, the overlap of radiological features and histopathological criteria between benign enchondromas and low-grade chondrosarcomas as well as between low-grade and high-grade chondrosarcomas has led to difficulty in correctly and reliably differentiating and grading cartilaginous tumors; thus, a more accurate method is needed.

As a novel tool for objective quantitative assessment of the heterogeneity of lesions, texture analysis can extract, analyze, and interpret imaging features and has been widely used in differential diagnosis, grading, tumor staging and therapeutic response (11–13). Radiomics nomogram based on non-enhanced MRI showed hopeful performance in distinguishing enchondroma from chondrosarcomas, but their performance in differentiating high-grade chondrosarcomas from low-grade chondrosarcomas has not been sufficiently proven (14). CT has been less commonly used to grade cartilaginous tumors than MRI, and no study based on CT texture analysis has been report (15). However, MRI has been applied to analyze cartilaginous tumors but is less effective for visualizing calcification or bone destruction than CT (16, 17). Thus, we evaluated the radiological characteristics through both CT and MRI and extracted texture features. Therefore, this study aimed to assess and validate the diagnostic performance of CT-based texture analysis (CTTA) and MRI-based texture analysis for grading cartilaginous tumors in long bones and to compare these findings to radiological features.



Materials and Methods

This retrospective study was approved by our institutional review board, and the requirement for informed consent was waived.


Patients

Patients with long bone cartilaginous tumors confirmed by pathology at the Second Affiliated Hospital, Zhejiang University School of Medicine from January 1, 2009, to May 1, 2015 were retrospectively recorded as the training group. The inclusion criteria were as follows: 1) detailed pathological information, especially tumor grade; 2) CT and MRI examinations at a maximum time interval of 2 months before surgery or biopsy; and 3) enchondromas and chondrosarcomas were found in long bones, including the humerus, radius, ulna, femur, tibia, and fibula. The exclusion criteria were as follows: 1) no intergraded imaging data of MRI or CT for evaluation (n=6) and 2) an unclear pathology report (n=3). Finally, 65 patients with cartilaginous tumors were included in our study, including 29 patients with enchondromas, 20 with low-grade chondrosarcomas, and 16 with high-grade chondrosarcomas. Among these patients, all underwent plain CT scans, while 40 underwent contrast-enhanced MRI examinations, including 17 patients with enchondromas, 14 with low-grade chondrosarcomas and 9 with high-grade chondrosarcomas; the other patients had plain MRI scans only. The average time interval between CT/MRI and surgery or biopsy was 7.4/9.2 days, ranging from 0 to 52 days.



Imaging Acquisition

A variety of MRI machines (SIEMENS Aera 1.5T; SIEMENS Avanto 1.5T; GE Healthcare Signa HDxt 1.5T) was used due to our retrospective design, and different coils based on different lesion locations were used. However, standard pulse sequences including fat-suppressed T2-weighted imaging (T2WI; repetition time (TR), 2300–6600 ms; echo time (TE), 25–110 ms), axial T1-weighted imaging (T1WI; TR, 190–600 ms; TE, 1.2–12 ms), and fat-suppressed contrast-enhanced T1WI (TR, 420–630 ms; TE, 7–18 ms) were performed on each patient. The field of view (FOV) varied from 120 x 120 mm to 380 x 380 mm because of the different locations, the matrix size ranged from 288 x 224 to 320 x 224, and the slice thickness was 3 mm or 5 mm. Gadolinium-diethylenetriamine pentaacetic acid (Gd-DTPA, Omniscan, 0.1 mmol/kg body weight, 0.5 mmol/ml) was intravenously administered at a rate of 2 ml/s. Furthermore, longitudinal imaging (coronal or sagittal) was acquired for each patient.

Two kinds of CT scanners (Siemens Emotion 64 and TOSHIBA Aquilion 16) were used. Patients underwent plain CT scans, and the parameters were as follows: voltage, 120 kV; maximum tube current, 250 mAs; slice thickness, 3 mm; reconstructed slice thickness, 1 mm; slice collimation, 0.6 mm; and FOV, 380 X 380 or 120 x 120 mm.



Imaging Analysis

Two musculoskeletal radiologists (with 15 and 8 years of clinical experience in musculoskeletal radiology) reviewed the imaging features without knowledge of the pathological outcomes. Disagreements were settled by consensus after discussion with a third radiologist with 32 years of experience in radiology.

Demographic information, including age, sex, and symptoms, was included. Imaging features were collected as follows: 1) the largest diameter, which was evaluated by measuring the maximum tumor extent in centimeters in axial scans; 2) the aspect ratio was defined as the length divided by width of the lesion, which accounted for the anisotropy of the shape of the tumor; 3) the location was defined as epiphysis, metaphysis, and diaphysis; 4) the calcified shape was defined as ring or plaque calcification and ground glass calcification in CT; 5) the calcified area was defined as the ratio of calcification to the tumor diameter at the maximum diameter plane and was stratified into<1/3, 1/3~2/3, and>2/3; 6) endosteal scalloping was defined as a local thinning of the osseous cortex by the nearby lesions, which formed a lobular outline (4); 7) periosteal reaction was defined as abnormal thickness or focal proliferation of the periosteal; 8) cortical destruction was defined as a sclerotic or lytic process destroying the continuity of the cortical bone; 9) blurring edge was characterized as an ill-defined tumor margin; 10) Fat replacement, which meant there was a fat-like signal surrounded by tumor tissue; 11) hemorrhage was defined as the presence of a bleeding signal in MRI, which was high signal intensity on T1WI, and low signal on T2WI; 12) peritumoral edema, which was defined as high signal intensity on fat-suppressed T2WI surrounding soft tissue without contrast enhancement; 13) soft tissue mass was defined as normal tissue that was replaced or displaced by a solid, extraosseous mass with contrast enhancement; and 14) the contrast enhanced pattern, which was evaluated on MRI and was divided into three types—type I was defined as a mostly continuous ring- and arc-enhancement of the lesion, type II was defined as a small patchy enhancement with or without ring- and arc- enhancement, and type III was defined as a large patchy, nodule enhancement or with obvious enhancement of the internal septa thickness.



Texture Analysis

MaZda software was used to extract features from CT, T1WI, and T2WI data. First, imaging intensity was normalized and standardized to rectify the effect of different imaging protocols (18). Nine histogram features were extracted in this study, including the mean, variance, skewness, kurtosis, perc.01%, perc.10%, perc.50%, perc.90%, and perc.99% (19). The region of interest (ROI) was outlined in the slice with the maximum diameter of the tumor without any artifacts.



Validation Group

The training and validation group was set at a ratio of 5:2. Thus, another 26 patients with long bone cartilaginous tumors confirmed by pathology at the same center from January 1, 2016 to August 1, 2021 were retrospectively recorded as the validation group. Only significant variables from the training group were evaluated to verify the performance of different models. As shown in Figure 1, our study consisted of five steps, including imaging and segmentation, feature extraction, feature selection, model construction and validation.




Figure 1 | A flow diagram of the whole study including imaging and segmentation, feature extraction, feature selection, model construction and validation.





Statistical Analysis

According to the data distributions, continuous data are presented as the means ± standard deviation or medians (25–75%), while qualitative data are expressed as the frequencies (%). Student’s t-tests or Mann-Whitney U tests were used for quantitative data, while Fisher’s exact tests or χ2 tests were used for categorical data. Moreover, binary logistic regression analysis was performed for variables (p values less than 0.05 in the previous analysis) following the stepwise backwards procedure to differentiate cartilaginous tumors in different models. Then, receiver operating characteristic (ROC) curves were calculated to determine the diagnostic capacity of the model, and the accuracy rate, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) and 95% confidence interval (CI) were calculated in both the training and validation groups. ROC analysis was performed using MedCalc software V.18 (Mariakerke, Belgium), while the other analyses used SPSS V.23.0 (IBM company, Chicago, Illinois, USA). ROC curves were drawn using GraphPad Prism version 7.04 (San Diego, California, USA). All tests were two-sided, and a p value less than 0.05 was considered to indicate a significant difference.




Results


Comparison of the Imaging Features Among Groups of Cartilaginous Tumors

The clinical information and imaging features are summarized in Table 1, and a comparison of different subgroups of cartilaginous tumors is also presented. Cartilaginous tumors tended to occur in patients in their fifties and were located in the metaphysis of intramedullary long bones; enchondromas were more likely to occur in females, while chondrosarcomas occurred most often in males. Chondrosarcomas more frequently presented with symptoms and larger diameters than enchondromas (P < 0.05), while there was no difference between low-grade and high-grade chondrosarcomas (P > 0.05). Enchondromas and low-grade chondrosarcomas always included ring and arc or plaque chondroid matrix. The area of calcification decreased with increasing malignancy, while cortical destruction, periosteal reaction and blurry edges increased. Endosteal scalloping of the cortex was more frequent in chondrosarcomas, especially in low-grade chondrosarcomas. Fat replacement was always shown in enchondromas and low-grade chondrosarcomas (P < 0.05), while hemorrhage, peritumoral edema and soft tissue mass were only shown in chondrosarcomas. A soft tissue mass always presented with global hypodensity on CT or heterogeneous hyperintensity on T2WI. For the enhanced pattern, enchondromas all presented with continuous ring- and arc- enhancement of the lesion, while chondrosarcomas were more likely to manifest as a small patchy enhancement with or without ring-and arc- enhancement or a large patchy, nodule enhancement or with obvious enhancement of the internal septa thickness (Figures 2–4).


Table 1 | Clinical information and univariate analysis between imaging features and tumor grades.






Figure 2 | Enchondroma involving the humerus in a 58-year-old female. (A) Axial CT shows a well-defined intramedullary osteogenic lesion in the metaphysis of the right humerus, which presents with characteristic chondroid (ring and arc) calcifications. (B) Axial T1WI presents a mass with global heterogeneity and a well-defined margin. (C) Axial fat-suppressed T2WI shows a heterogeneous hyperintense mass with low signal foci. (D) Coronal fat-suppressed contrast-enhanced T1WI demonstrates marginal and septal or ring-and-arc enhancement within the lesion.






Figure 3 | Low-grade chondrosarcoma involving the humerus in a 57-year-old man. (A) Coronal CT shows an ill-defined intramedullary osteolytic lesion with several ring and popcorn calcified components, and the arrowhead shows cortical disruption (arrow). (B) Axial T1WI presents a homogeneous lesion with an associated soft tissue mass (asterisk). (C) Axial fat-suppressed T2WI demonstrates a heterogeneous hyperintense lesion with a soft tissue component (asterisk) and endosteal scalloping of the cortex. (D) Coronal fat-suppressed contrast-enhanced T1WI demonstrates patched (arrowhead) and marginal enhancement.






Figure 4 | High-grade chondrosarcoma in the proximal humerus in a 61-year-old man. (A) Axial CT shows an ill-defined osteolytic lesion with multiple cortical destruction (arrow). (B) Axial T1WI presents an irregular soft tissue mass with an aggressive growth pattern (asterisk). (C) Axial fat-suppressed T2WI demonstrates a heterogeneous hyperintense mass with low signal components and soft tissue. (D) Coronal fat-suppressed contrast-enhanced T1WI shows diffuse and marginal enhancement.





Different Models to Discriminate the Differentiation of Cartilaginous Tumors

Predictor models based on imaging features, CTTA features, T1WI texture analysis (T1-TA) features and T2WI texture analysis (T2-TA) features are shown in Table 2. Regarding imaging features, endosteal scalloping was an independent predictor to differentiate enchondromas from low-grade chondrosarcomas, while cortical destruction could differentiate low-grade chondrosarcomas from high-grade chondrosarcomas. To distinguish benign cartilaginous tumors from malignant cartilaginous tumors, we found that sex, calcified shape and endosteal scalloping might be useful. In terms of texture analysis, we found that the CTTA feature model could differentiate cartilaginous tumors well, while the T1-TA and T2-TA feature models could not differentiate low-grade from high-grade chondrosarcomas. For texture analysis features, variance, mean, perc.01%, perc.10%, perc.99% and kurtosis were extracted through multivariate regression analysis.


Table 2 | Multivariate analysis among different models.





Diagnostic Performance of Each Model

The diagnostic performance of the imaging, CTTA, T1-TA, and T2-TA feature models between the training and validation groups are listed in Table 3, and the ROC curves are presented in Figure 5. For differentiating benign cartilaginous tumors from low-grade chondrosarcomas, we found that the imaging features model reached the highest accuracy rate (83.7%) and AUC (0.841), with a sensitivity value of 75%, a specificity value of 93.1%, a PPV of 88.2% and NPV of 84.4%, followed by the CTTA and T1-TA feature models (accuracy rate: 80%). The validation group also achieved good performance, with an AUC of 0.784. The CTTA feature model was the best method to distinguish low-grade chondrosarcomas from high-grade chondrosarcomas, with an accuracy rate of 71.9% and 80% in the training and validation groups respectively; T1-TA and T2-TA could not distinguish them well. In terms of differentiating benign cartilaginous tumors from malignant cartilaginous tumors, the imaging feature model performed the best, with an accuracy rate of 89.2% and AUC of 0.896, followed by the T1-TA feature model, with an accuracy rate of 80.4% and AUC of 0.804.


Table 3 | Analysis efficiency in different models in the training group and validation group.






Figure 5 | ROC curves among different models to distinguish cartilaginous tumors in both the training group and validation group.






Discussion

Accurate grading of cartilaginous tumors is of paramount importance in the management of these lesions, ranging from follow-up for enchondromas to curettage for low-grade chondrosarcomas and amputation or extended resection for high-grade chondrosarcomas (20). In this study, we evaluated the diagnostic performance of CTTA and MRI-based texture analysis for grading cartilaginous tumors in long bones and compared these findings to radiological features both in the training and validation groups. After multivariate analysis, we found that the imaging features model reached the highest accuracy rate both in differentiating enchondromas from low-grade chondrosarcomas and from malignant cartilaginous tumors. Furthermore, the CTTA feature model was the best method to distinguish low-grade chondrosarcomas from high-grade chondrosarcomas, while MRI-based texture analysis could not effectively distinguish low-grade chondrosarcomas from high-grade chondrosarcomas.

In our study, radiological features were evaluated both by MRI and CT, which included calcification information when compared to other studies (17, 21, 22). Imaging features differ when the grade of a cartilaginous tumor changes. We found that sex, calcified shape and endosteal scalloping were independent predictors of the differentiation of benign and malignant cartilaginous tumors. Enchondromas always present with ring and plaque calcification, which indicates mature cartilage matrix differentiation. Douis et al. (23) found that pain related to lesions, tumor length, endosteal scalloping, bone expansion, cortical destruction and soft tissue mass could distinguish enchondromas from low-grade chondrosarcomas, while dynamic contrast-enhanced MRI was not useful in differentiating enchondromas from low-grade chondrosarcomas. Our study also showed that invasive features, such as cortical destruction, blurry edges, periosteal reaction, peritumoral edema and soft tissue mass were more likely to be present in chondrosarcomas, especially in high-grade chondrosarcomas. However, in contrast-enhanced MRI, we found that continuous ring-and-arc enhancement was always shown in enchondromas, while two other types of enhanced patterns were more frequently present in chondrosarcomas. In addition to dynamic contrast-enhanced MRI, diffusion-weighted imaging is another functional sequence used in imaging diagnosis; however, it does not aid in the distinction or grading of cartilaginous tumors (24). Coninck et al. (16) demonstrated that dynamic contrast-enhanced MRI played an important role in distinguishing enchondromas and low-grade chondrosarcomas, with 93.4% accuracy in predicting the diagnosis of chondrosarcomas. When differentiating low-grade and high-grade chondrosarcomas, Sharif et al. (25) found that soft tissue mass, periosteal reaction and bone edema suggested high-grade chondrosarcomas, which was consistent with our results. They also found that soft tissue mass and cortical destruction were predictors of high-grade chondrosarcomas in long bones. Soft tissue mass can be found in 28% of chondrosarcomas and can replace marrow fat, indicating a pathognomonic sign of malignancy (21).

The most compelling result is that CTTA could distinguish low-grade from high-grade chondrosarcomas, while MRI-based texture analysis was not able to show the correlation. This is especially beyond the expectation that CT performs better than MRI, which may be because thin-slice CT imaging demonstrates calcification well within the lesion. Most of the low-grade chondrosarcomas presented with ring and plaque calcification, while nearly half of the high-grade chondrosarcomas showed ground glass calcification due to an immature cartilage matrix. Lisson et al. (3) included 11 patients with enchondromas and 11 patients with low-grade chondrosarcomas, and only four texture analyses were obtained for each lesion. The authors found that kurtosis in contrast-enhanced T1WI had the greatest power of discrimination, with 86% accuracy. In our study, we found that kurtosis extracted from non-enhanced T1WI was an independent predictor to differentiate benign cartilaginous tumors from chondrosarcomas. Yin et al. (26) used a clinical radiomics nomogram combined with clinical characteristics to successfully predict the early recurrence of pelvic chondrosarcomas and found that a radiomics model based on T1WI outperformed than T2WI or contrast-enhanced radiomics to predict recurrence.

Many texture analysis features based on CT or MRI have been published and suggested depending on histogram analysis or other matrixes (27, 28). We evaluated 9 histogram features and found that variance, mean, perc.01%, perc.10%, perc.99% and kurtosis had good discriminatory power to grade cartilaginous tumors in different feature models. Hu et al. (29) extracted 22 histogram parameters and integrated them with CT morphological features, which can be used to predict lung metastasis in patients with colorectal cancer. Histogram features may be related to the tumor microenvironment. For example, variance measures the deviation of gray levels from the mean and represents the extent of the histogram, which may reflect on morphologic imaging performance (4). CT and MRI for imaging features should always be initially considered; if there is a need for differentiation of malignant tumor grading, CTTA should be performed.

Our study has several limitations. First, due to our retrospective study design, there may have been inherent selection and unavoidable biases. Second, several MRI and CT machines and protocols have been used, and although we had standardized images before analysis, possible bias may still have been introduced. Third, the number of patients was relatively small, and the number of extracted features was also small; thus, further studies with larger samples or numerous features are needed. Fourth, we did not combine imaging feature models with a texture analysis feature model because both CT and MRI imaging features were incorporated into the imaging feature model; thus, it was impossible to combine an imaging feature model with CT or MRI alone. Finally, we did not use dynamic contrast-enhanced MRI images; on the one hand, not all patients had undergone enhanced MRI, and on the other hand, a recent study found that contrast-enhanced MRI may not distinguish enchondromas from low-grade chondrosarcomas (23).

In conclusion, the imaging feature model and CTTA- or MRI-based texture analysis have the potential to differentiate the grade of cartilaginous tumors in long bones. MRI-based texture analysis failed to grade chondrosarcomas.
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Background

With the improvement of ultrasound imaging resolution and the application of various new technologies, the detection rate of thyroid nodules has increased greatly in recent years. However, there are still challenges in accurately diagnosing the nature of thyroid nodules. This study aimed to evaluate the clinical application value of the radiomics features extracted from B-mode ultrasound (B-US) images combined with contrast-enhanced ultrasound (CEUS) images in the differentiation of benign and malignant thyroid nodules by comparing the diagnostic performance of four logistic models.



Methods

We retrospectively collected and ultimately included B-US images and CEUS images of 123 nodules from 123 patients, and then extracted the corresponding radiomics features from these images respectively. Meanwhile, a senior radiologist combined the thyroid imaging reporting and data system (TI-RADS) and the enhancement pattern of the ultrasonography to make a graded diagnosis of the malignancy of these nodules. Next, based on these radiomics features and grades, logistic regression was used to help build the models (B-US radiomics model, CEUS radiomics model, B-US+CEUS radiomics model, and TI-RADS+CEUS model). Finally, the study assessed the diagnostic performance of these radiomics features with a comparison of the area under the curve (AUC) of the receiver operating characteristic curve of four logistic models for predicting the benignity or malignancy of thyroid nodules.



Results

The AUC in the differential diagnosis of the nature of thyroid nodules was 0.791 for the B-US radiomics model, 0.766 for the CEUS radiomics model, 0.861 for the B-US+CEUS radiomics model, and 0.785 for the TI-RADS+CEUS model. Compared to the TI-RADS+CEUS model, there was no statistical significance observed in AUC between the B-US radiomics model, CEUS radiomics model, B-US+CEUS radiomics model, and TI-RADS+CEUS model (P>0.05). However, a significant difference was observed between the single B-US radiomics model or CEUS radiomics model and B-US+CEUS radiomics model (P<0.05).



Conclusion

In our study, the B-US radiomics model, CEUS radiomics model, and B-US+CEUS radiomics model demonstrated similar performance with the TI-RADS+CEUS model of senior radiologists in diagnosing the benignity or malignancy of thyroid nodules, while the B-US+CEUS radiomics model showed better diagnostic performance than single B-US radiomics model or CEUS radiomics model. It was proved that B-US radiomics features and CEUS radiomics features are of high clinical value as the combination of the two had better diagnostic performance.
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Introduction

In recent years, thyroid nodules can be observed in up to 50 - 60% of healthy recipients, but only about 5% are proven to be malignant. As a result, when encountering patients with thyroid nodules today, clinicians are faced with the task of avoiding the overdiagnosis of low-risk cancers without jeopardizing the chances of identifying those rare late-stage or higher-risk tumors that will require timely and appropriate treatment (1, 2). Ultrasound as the principle means for the detection and risk stratification of thyroid nodules provides guidance for their biopsy and nonsurgical treatment (3). However, misdiagnosis and unnecessary operations are still prevalent for certain nodules because of interobserver and intraobserver variability, the overlap in morphological features of certain benign and malignant nodules, and different diagnostic criteria in different regions (4, 5). Fine-needle aspiration biopsy (FNAB) is currently the most reliable and cost-effective examination method for assessing thyroid nodules (6), which can effectively screen out benign thyroid nodules as well as reduce the rate of unnecessary surgeries (2). However, there are still 30-40% of FNAB procedures that generate nondiagnostic results due to various factors, such as the features of the nodules, and the experience of the physician and pathologist (7–9). In addition, it is not widely accepted as an invasive examination. Hence, researchers have been pursuing a precise, uniform, and non-invasive diagnostic method. The notion of radiomics was introduced by Lambin (10) in 2012. The visual image information can be transformed into deep-seated features for quantitative research. It gives us hope to achieve non-invasive precision medicine, which is widely used to evaluate tumors in all parts of the body. Based on a radiomics analysis method, we extracted the corresponding radiomics features from thyroid nodule ultrasound images to build logistic models, and evaluated the clinical application value of these features in differentiating benign and malignant thyroid nodules by comparing the diagnostic performance of the radiomics models with the model based on the grading of nodule malignancy by a senior radiologist.



Study Subjects and Methods


Study Subjects

This was a retrospective study; the subjects of our study were two-dimensional gray-scale images and contrast-enhanced ultrasound images of patients with thyroid nodules. All of the participants signed an informed consent form prior to the examination, with the approval of the hospital ethics committee. Inclusion criteria: Patients who had received a CEUS examination with complete imaging data in our hospital between September 2020 and August 2021, and had underwent thyroid fine-needle aspiration biopsy or pathological diagnoses within one week after the examination. Exclusion criteria: Patient nodules with an unclear pathological finding, and the proportion of cystic composition over 25% (11), in addition, we also discarded images with poor image quality.



Image Collection

The Siemens X150 Vivi7 color doppler ultrasound diagnostic system was used to perform diagnoses, which was equipped with a 10L4 transducer for B-US and CEUS examination. Each patient lay on the inspection bed in the supine position and was told to fully extend their neck and breathe calmly. By carefully scanning every section of the thyroid nodule, we observed and recorded internal composition, internal echo, the boundary, the margin, aspect ratio, and calcification. Based on a previous study (12), solid nodules with an ill-defined border, irregular margin, hypoechogenicity, an aspect ratio >1, and microcalcification were found to be significantly related to malignancy. Then, the maximum long-axis section of the thyroid nodules was preserved. Next, we adjusted the focus to the lower edge of the thyroid nodules, switching to contrast-enhanced ultrasound mode. This study was conducted using the SonoVue contrast agent (Bracco, Milan, Italy). We continuously monitored the dynamic perfusion process of the nodules in real-time after quickly pushing the contrast agent into the peripheral vein, we then exported the B-US images and CEUS clips in the dicom format (Figure 1). These examinations and evaluations were performed by a senior radiologist with over 20 years of experience in diagnostic ultrasound of thyroid disease.




Figure 1 | (A) A grayscale ultrasound image. We found a 9 x9mm solid hypoechoic nodule in the right lobe of a patient’s thyroid, this nodule has faint borders, irregular margin and microcalcifications inside. (B) A contrast ultrasound image, the nodule shown has low enhancement. The degree of malignancy risk of the nodule is classified as grade 5.





Processing Images

We imported the dynamic contrast-enhanced ultrasound images into the TIC software for the quantitative analysis of CEUS parameters (Figure 2). Based on a previous study, the differences of the quantitative parameters of CEUS between benign and malignant nodules, which suggest significant differences of peak contrast perfusion within the nodule, were found between them (13). Therefore, the single frame corresponding to the moment of peak contrast perfusion in the target nodules during contrast ultrasound was selected to represent the whole process for radiomics analysis. In the next step, we normalized the grayscale and voxels of all images. Then, the ITK-SNAP software was used to draw an outline of the area of interest (ROI) of the lesion in B-US images and CEUS images respectively (Figure 3), which was the target region for radiomics features extraction. The ROI was delineated by a radiologist with over 2 years of experience in diagnostic ultrasound of thyroid disease.




Figure 2 | (A, B) The TIC analysis curve of the CEUS image. First, we selected the target area with a large circle, second, we drew the ROI inside the nodule with a small circle. According to the TIC curve in the small circle, we selected the frame corresponding to the moment when internal nodule perfusion reached its peak.






Figure 3 | Example (A, B) of delineating region of interest (ROI) on a B-US image, we detailed the outline along the nodule boundary on the largest long-axis cross-section of the nodule. Example (C, D) of delineating region of interest (ROI) on a CEUS image. The ROI includes the target node and some of its adjacent tissues (22).





Extraction and Screening of Radiomics Features

The task of feature extraction was completed by 3D-Slicer 4.13.0. In total, 837 radiomics features including first-order statistics, texture features, a grayscale co-occurrence matrix, grayscale tour matrix, grayscale region size matrix, domain grayscale difference matrix, and morphological features were extracted from each B-US image and single frame of CEUS images, respectively. SPSS 23.0 software was used for analyzing the normality of radiomics features. Following the results, the Kruskal-Wallis test was used for preliminary screening. Then, the patients were randomly divided into the training cohort and validation cohort in the ratio of 9:3. The least absolute shrinkage was used to reduce the dimensionality of the radiomics features in R software (Figure 4, 5), we obtained the final radiomics features for logistic regression analysis to build models for predicting the nature of thyroid nodules. Last, we verified the diagnostic performance of these models in the validation cohort.




Figure 4 | Coefficient convergence graph of B-US radiomics features.






Figure 5 | Coefficient convergence graph of CEUS radiomics features.





Building and Comparison of the Models

TI-RADS + CEUS model: According to the diagnosis criteria of improved TI-RADS and combined with the pattern of contrast-enhanced ultrasound (5), a senior radiologist made risk grading diagnoses of 123 nodules for malignancy in turn. Based on the grades, logistic regression was used to build the TI-RADS + CEUS model.

Radiomics models: Based on the extracted radiomics features from different modality ultrasound images, logistic regression was used to build the B-US radiomics model and CEUS radiomics model. Later, we combined B-US radiomics features and CEUS radiomics features to build the B-US + CEUS radiomics model.

Then, we evaluated the performance of the four types of models for diagnosing the nature of thyroid nodules by comparing the area under the ROC curve.



Statistical Analysis

The statistical analysis and plots were performed using SPSS 23.0 and MedCalc19.6.0. The continuous quantitative data are shown as the mean ± standard deviation. The categorical and rank variables are shown as the number of cases and percentages. The chi-square test, Wilcoxon test, or Fisher`s exact test were applied, as appropriate, to compare the differences between benign and malignant groups. The sensitivity and specificity, positive prediction value (PPV) and negative prediction value (NPV), accuracy, and AUC in the nature of thyroid nodule diagnoses by the B-US radiomics model, CEUS radiomics model, B-US+CEUS radiomics model, and TI-RADS+CEUS model were calculated. The AUC was used to compare the diagnostic performance of the different models. Delong’s test was used to test the difference in diagnostic performance between radiomics models and the TI-RADS+CEUS model. Results with P<0.05 meant that the difference was statistically significant.




Results

A total of 123 nodules from 123 patients were enrolled in our study. Of which 95 nodules were excised by resection and FNAB was performed on 28 cases. The pathological types of all nodules are listed as follows: 94 malignant nodules and 29 benign nodules were included in the 123 cases of nodules. Among the benign nodules, 21 were nodular goiters, 3 were adenomas, 2 were adenomatous nodular goiters, and 3 were inflammatory lesions. Among the malignant nodules, 45 malignant nodules were papillary carcinomas, 49 malignant nodules were papillary thyroid microcarcinomas.

The results (Table 1) show that gender and age of the patients were not found to differ significantly between benign and malignant groups (P>0.05). Among the sonographic features of thyroid nodules, we found no statistical significance in location, components, and contrast enhancement pattern of nodules (P>0.05). However, a statistic difference in the aspect ratio was observed in the benign group compared with the malignant group (P<0.05). We witnessed the statistically significant difference in the echoes, border, and margin, as well as significant differences in the presence of microcalcifications inside the nodules and grades of nodules in the benign group compared with the malignant group (P<0.01)


Table 1 | Comparison of the general information between the benign and malignant groups.



In the results, we obtained four radiomics features (Table 2) from B-US images to build the logistic regression model. For the differential diagnosis of benign and malignant thyroid nodules, the analysis of ROC curves indicated that the AUCs of the B-US radiomics model were 0.811 and 0.736 (Figure 6, Table 3) in the training cohort and the validation cohort, respectively. The results demonstrated that the four radiomics features extracted from B-US images had a good ability to distinguish the nature of thyroid nodules.


Table 2 | The B-US radiomics features.






Figure 6 | The AUC of the B-US radiomics model in the training cohort (A) and validation cohort (B).




Table 3 | Comparison of information in the training and validation cohorts.



Finally, we obtained six radiomics features (Table 4) from CEUS images to build the logistic regression model. For the differential diagnosis of benign and malignant thyroid nodules, the analysis of ROC curves suggested that the AUCs of the US radiomics model were 0.770 and 0.736 (Figure 7, Table 3) in the training cohort and the validation cohort, respectively. The results demonstrated that the six radiomics features extracted from CEUS images had a good ability to distinguish the nature of thyroid nodules.


Table 4 | The CEUS radiomics features.






Figure 7 | The AUC of the CEUS radiomics model in the training cohort (A) and validation cohort (B).



In our study, according to the result (Tables 5, 6, Figure 8), we can learn that the sensitivity of the B-US radiomics model, CEUS radiomics model, B-US+CEUS radiomics model, and TI-RADS+CEUS model in the identification of benign and malignant thyroid nodules was 97.87%, 96.81%, 94.68%, and 100%, their specificity was 31.03%, 27.59%, 51.72%, and 24.14%, their accuracy was 82.11%, 80.49%, 84.55%, and 82.11%, their PPV was 82.14%, 81.25%, 86.41%, and 81.03%, their NPV was 81.82%, 72.72%, 75.00%, and 100%, and the AUCs of them were 0.791, 0.766, 0.861, and 0.785, respectively.


Table 5 | Comparison of the diagnostic effectiveness of four types of models.




Table 6 | Comparison of the AUCs of four types of models.






Figure 8 | Comparison of the AUCs of the four types of models.



Compared to the TI-RADS+CEUS model, Delong’s test showed there was no difference in the diagnostic performance between the US radiomics model, CEUS radiomics model, B-US+CEUS radiomics model, and TI-RADS+CEUS model (P>0.05). This indicated that the B-US model and CEUS model and B-US+CEUS radiomics model have comparable diagnostic performance to the TI-RADS+CEUS model. On the other hand, the AUC of the B-US+CEUS radiomics model was the highest among the four models. A significant difference was observed between the single B-US radiomics model or CEUS radiomics model and the B-US+CEUS radiomics model (P<0.05). Further analysis found that the specificity, accuracy, and PPV of the B-US+CEUS radiomics model were also the highest. However, its NPV was relatively low compared to the others.



Discussion

The incidence of thyroid cancer has continued to grow rapidly in recent decades. According to statistics, there were 586,202 new cases of thyroid cancer worldwide in 2020, accounting for 3.0% of the total number of cancer cases and ranking 9th in incidence rate (14). Therefore, it is crucial to adopt appropriate treatment by identifying the nature of thyroid nodules accurately and effectively. After high-resolution ultrasound was combined with elastography and imaging technology, it has shown a very valuable performance in diagnosing the nature of thyroid nodules (15–17). However, the nature of certain nodules remains unclear. FNAB also suffers from inadequate sampling rate, and the invasive nature of it would lead to complications (2, 7, 18). Therefore, radiomics analysis can be an effective and promising non-invasive way for predicting the malignancy of thyroid nodules.

Recent studies from numerous researchers have reported that radiomics features extracted from B-US images can be used for the risk prediction of the malignancy in thyroid nodules (19, 20), which was also confirmed in our study, where the diagnostic performance of the B-US radiomics model was similar to the senior radiologist. Meanwhile, the radiomics studies based on multi-modality images is also gradually being developed. A study has proven that the combination of B-mode ultrasound and strain elastography ultrasound, applying radiomics analysis, could further improve the estimate accuracy of lymph node metastasis in patients with papillary thyroid carcinomas (21).

As far as we know, no study has yet determined whether the use of CEUS images for radiomics analysis can provide valuable insights for diagnosis of the nature of thyroid nodules.

Liu et al. (22) demonstrated that a deep learning-based radiomics model, designed for analyzing contrast-enhanced ultrasound, could not merely achieve an accurate preoperative prediction of the progression-free survival for radiofrequency ablation and surgical resection, but could also contribute to the optimized treatment selection between patients with very early or early-stage hepatocellular carcinomas. This demonstrates that the results of radiomics analysis in CEUS images can also provide valuable information for clinical diagnosis and treatment. In our study, we selected single-frame images corresponding to the moment of peak intra-nodal perfusion in thyroid nodules to assess the value of radiomics analysis in CEUS images for diagnosing the nature of thyroid nodules. The results showed that the CEUS radiomics model exhibited equally good diagnostic performance compared to the TI-RADS+CEUS model. Moreover, the B-US+CEUS model showed superior diagnostic performance, highlighted by a specificity of 51.72%, a significant increase compared to the others; its accuracy and PPV were also at the highest. Although the sensitivity and NPV were not very good compared to the TI-RADS+CEUS model and B-US radiomics model, it still attained the best diagnostic performance after balancing all the differences.

The result suggested that the information provided by B-US radiomics features and CEUS radiomics features may complement each other in diagnosis of the nature of thyroid nodules, both of which may have a strong correlation with certain pathological features of thyroid cancer, but this correlation has not yet been revealed. In any case, the combination of both radiomics features have presented a significant improvement in diagnostic performance that is a promising prospect for clinical application.

However, the present study also had several limitations. First of all, the subjects were recruited from a single center, and the sample size was small. Besides, in view of the particularity of this examination, most nodules were grade 4a-4b in this experiment, so these limitations increased the likelihood of bias. As a result, there was no statistical significance in components and contrast enhancement patterns of nodules between the benign and malignant groups and a reduced specificity of all models in this study. Second, due to the limitation of technology, we only selected a single frame of the CEUS images to replace the whole process of perfusion, so other factors that have not been taken into consideration could have affected the diagnostics.

In the future, multi-center, large sample data are desired to further confirm the findings of our study. We expect to search for more advanced and effective technical methods to extract the radiomics features of dynamic images, and carry out more comprehensive and multi-faceted evaluation.



Conclusion

In summary, both the B-US radiomics features and CEUS radiomics features have the ability of qualitative diagnosis of thyroid nodules. By combining the two radiomics features we can obtain higher prediction performance, which shows a highly valuable clinical application in the diagnosis of thyroid nodules.
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Objective

To develop and validate a new strategy based on radiomics features extracted from intra- and peritumoral regions on CT images for the prediction of atypical responses to the immune checkpoint inhibitor (ICI) in cancer patients.



Methods

In total, 135 patients derived from five hospitals with pathologically confirmed malignancies receiving ICI were included in this retrospective study. Atypical responses including pseudoprogression (PsP) and hyperprogression disease (HPD) were identified as their definitions. A subgroup of standard progression disease (sPD) in 2018 was also involved in this study. Based on pretreatment CT imaging, a total of 107 features were extracted from intra- and peri-tumoral regions, respectively. The least absolute shrinkage and selection operator (Lasso) algorithm was used for feature selection, and multivariate logistic analysis was used to develop radiomics signature (RS). Finally, a total of nine RSs, derived from intra-tumoral, peri-tumoral, and combination of both regions, were built respectively to distinguish PsP vs. HPD, PsP vs. sPD, and HPD vs. sPD. The performance of the RSs was evaluated with discrimination, calibration, and clinical usefulness.



Results

No significant difference was found when compared in terms of clinical characteristics of PsP, HPD, and sPD. RS based on combined regions outperformed those from either intra-tumoral or peri-tumoral alone, yielding an AUC (accuracy) of 0.834 (0.827) for PsP vs. HPD, 0.923 (0.868) for PsP vs. sPD, and 0.959 (0.894) for HPD vs. sPD in the training datasets, and 0.835 (0.794) for PsP vs. HPD, 0.919 (0.867) for PsP vs. sPD, and 0.933 (0.842) for HPD vs. sPD in the testing datasets. The combined RS showed good fitness (Hosmer–Lemeshow test p > 0.05) and provided more net benefit than the treat-none or treat-all scheme by decision curve analysis in both training and testing datasets.



Conclusion

Pretreatment radiomics are helpful to predict atypical responses to ICI across tumor types. The combined RS outperformed those from either intra- or peri-tumoral alone which may provide a more comprehensive characterization of atypical responses to ICI.





Keywords: radiomics, CT, peritumoral, immune checkpoint inhibitor, atypical responses



Introduction

The novel development of the immune checkpoint inhibitor (ICI) is now approved in a variety of solid tumors, including melanoma, non-small cell lung cancer (NSCLC), and urothelial and microsatellite instability-high (MSI) cancer, represented by programmed cell death-1 (PD-1) and programmed cell death ligand-1 (PD-L1), which became a crucial therapeutic option to improve prognosis (1). Unlike chemotherapy and tyrosine kinase inhibitor (TKI), ICI plays an antitumor role by blocking the immune checkpoint and enhancing the activity of autologous T cells (2). These effects occur through the restart of intrinsic immune actions, and the efficacy of these effects is strictly associated with the appearance of hypoxia, necrosis, and inflammation at the tumor sites (3). Meanwhile, these biological processes can affect the immune system and adjust antitumor responses, giving rise to atypical responses, including pseudoprogression (PsP) and hyperprogression disease (HPD) (4–7).

During tumor assessment, PsP occurs as a shrinkage in tumor burden after increasing in size or the presence of new lesions (8, 9), whereas HPD is presented as an acceleration of tumor growth after the initiation of immunotherapy, as compared to the period before treatment initiation used as a reference (10–12). Most similarly, all PsP, HPD, and standard progression disease (sPD) patients share common imaging with tumor enlargement at initial radiography assessment. Dissimilarly, compared with sPD and HPD, PsP patients have good clinical outcomes with significant longer progression-free survivals and overall survivals (13, 14). Thus, distinguishing PsP from sPD or even HPD will extremely help evaluate the efficacy of ICI and avoid either premature withdrawal of the treatment or prolonging ineffective treatment. Unfortunately, the identification of a reliable predictive biomarker of atypical responses to immunotherapy across various solid tumors remains an unmet need in clinic practice so far.

Routine standard-of-care CT scans are a noninvasive clinical examination tool for tumor diagnosis, staging, and monitoring treatment response. CT imaging-based radiomics can characterize both intra-tumoral and peri-tumoral heterogeneity from digital images to build mathematical formulas that reflect the underlying pathophysiology (15). Nowadays, radiomics has been successfully applied to the prediction of tumor histology, risk of lymph node metastasis, genetic mutation subtypes, and decoding of PD-L1 expression in cancer patients (16–19). However, investigations using radiomics on prediction of atypical responses to cancer immunotherapy are rather rare. Recently, Wang et al. used CT radiomics to identify five PsP cases from 50 melanoma patients treated with anti-cytotoxic T-lymphocyte antigen-4 (CTLA-4) inhibitor (20). Nonetheless, it needs a larger sample to confirm the ability of radiomics to predict PsP before immunotherapy.

In this study, we aim to evaluate the predictive value of radiomics, including intra- and peri-tumoral features that distinguish among PsP, HPD, and sPD patients, which may assist clinicians in the precision management of personalized immunotherapy.



Material and Methods


Patients

This retrospective multicenter study was approved by each participating institutional review board, and the prerequisite for obtaining informed consent was waived. Data were collected from February 2017 to April 2020 in patients with pathologically proven malignant solid tumors who had been treated with ICI, alone or in combination with chemotherapy.

Four hundred and sixty-three consecutive patients from five Chinese Hospitals were identified. The inclusion criteria were as follows: (1) CT scan prior to the initiation of ICI in less than 2 weeks; (2) at least two cycles of ICI; and (3) all solid tumors were pathologically confirmed. The exclusion criteria were as follows: (1) with history of any other concurrent malignancies; (2) no measurable lesion or with obvious artifacts on CT images; and (3) without a previous and/or follow-up CT scan.



Definitions of Pseudoprogression and Hyperprogression

Immune Response Evaluation Criteria in Solid Tumors (iRECIST) were used to evaluate the response of tumors (21). In our datasets of patients, PsP (Figure 1A) was defined as immune unconfirmed progressive disease (iUPD) during evaluation and further response classified as immune complete response (iCR), immune partial response (iPR), or immune stable disease (iSD) (22). HPD (Figure 1B) criteria, which are as follows in accordance with previous studies: 1) progression at first post-ICI, 2) increase in tumor size over 50%, and 3) over two-fold increase in progression rate (23, 24). We also defined other immune confirmed progressive diseases (iCPDs) except for HPD as sPD by iRECIST criteria. All measurable target lesions (≥10 mm in the longest diameter for non-nodal lesions and ≥15 mm in the short axis for nodal lesions) allow up to two lesions per organ, and five lesions in total as in iRECIST criteria were used for analysis.




Figure 1 | (A) A patient with adenocarcinoma by puncture biopsy pathology who was receiving nivolumab therapy. Irregular lesion in the left upper lobe with a diameter of 3.2 cm on the baseline CT scans. By 6 weeks of anti-PD-1 therapy, the lesion increased in diameter of 5.4 cm on the first CT evaluation. At 8 weeks of therapy, it had decreased in size by 2.2 cm. (B) Another 64-year-old male was treated with pembrolizumab on January 29, 2018, for liver metastasis from colorectal cancer. It had SD prior to the initiation of immunotherapy but developed rapid tumor growth with appearance of new lesions on the first follow-up and experienced more than two-fold increase from pretreatment tumor growth versus treatment.



According to the definitions, 34 patients with 42 target lesions undergo PsP, and 43 patients with 67 target lesions experience HPD. A subgroup of sPD (58 out of 220) in 2018 was also included in this study. Finally, the training datasets were recruited from the Liaoning Cancer Hospital while the testing datasets involved patients from The Fifth People’s Hospital of Shenyang, First Affiliated Hospital of Xiamen University, General Hospital of Northern Theater Command, and Tianjin Cancer Hospital. The flowchart of patient selection procedure is showed in Figure 2.




Figure 2 | Flowchart of the patient selection procedure.




CT Acquisition

The pretreatment CT scans were acquired on varied datasets of CT scanners (Supplemental Data).




Segmentation and Feature Extraction

Before segmentation, all images were resampled to a common voxel spacing of 1 mm × 1 mm × 1 mm by using the linear interpolation algorithm to construct new data points within the range of discrete datasets of known data points to standardize spacing across all images (25).

Then, the region of interest (ROI) was delineated manually along the tumor contour slice by slice on pretreatment CT images by reader 1 (HS with 9 years of experience) who were blinded to diagnosis and clinical information, using an open-source software (ITK-SNAP, version 3.6.0, http://www.itksnap.org/). The morphologic operation of dilation was then performed to capture the information outside the lesion up to a radial distance of 5 mm; normal tissue or surrounding organs were subsequently excluded from the contours.

Subsequently, a total of 107 radiomics features, which regarded the image biomarker standardization initiative (IBSI) as reference (26), were extracted using A.K. software (Artificial Intelligence Kit, version 2.0.0, GE Healthcare, China) from each region, including the intra- and peri-tumoral ROI.

In order to investigate the reproducibility of the radiomics features obtained by different readers, different times, and different tumor regions (intratumoral and peritumoral), intra- and interclass correlation coefficients (ICCs) were used to assess the reproducibility of the radiomics features extracted from 30 randomly chosen patients. To assess the inter-reader reproducibility, the ROI delineation was performed by two oncologic radiologists (reader 1 and reader 2, HS with 9 years and WLH with 7 years of experience), respectively. To evaluate the intra-reader reproducibility, reader 1 repeated the ROI delineation at a 1-month interval.



Radiomics Signature Building

To reduce overfitting or selection bias, we adopted a series of methods for dimensionality reduction and feature selection before modeling. In the first step, features of ICCs >0.75 for both inter-reader and intra-reader that were considered a relatively high inter-reader and intra-reader variability in the segmented ROI, were included in subsequent analysis. Subsequently, Spearman correlation analysis was conducted to remove the redundant features which were highly correlated(|r|>0.90) with other features. Then, the least absolute shrinkage and selection operator (LASSO) regression algorithm with penalty parameter tuning was applied with 10-fold cross validation to select the most useful predictive features with a non-zero coefficient.

Then, a total of nine radiomics signatures (RSs), including intra-tumoral RS, peri-tumoral RS, and combined (intra-plus-peri-tumoral) RS for distinguishing PsP vs. HPD, PsP vs. sPD, and HPD vs. sPD, were built respectively via multivariate logistic analysis using the selected optimal feature sets in the training datasets and then tested in the testing datasets. The workflow of the radiomics analysis is shown in Figure 3.




Figure 3 | The radiomics workflow including tumor segmentation, feature extraction, radiomics signatures construction, and performance evaluation.





Performance Evaluation

The performance of the RSs was evaluated with discrimination, calibration, and clinical application in both training and testing datasets.


Discrimination Degree

Receiver operating characteristic (ROC) curves were plotted, and the area under the ROC curve (AUC) with a 95% confidence interval (CI) was used to assess the diagnostic performance in discriminating PsP vs. HPD, PsP vs. sPD, and HPD vs. sPD in both training and testing datasets. The optimal cutoff of the RSs calculated from the training datasets based on the maximum Youden’s index was then applied in the testing datasets. The accuracy (ACC), sensitivity (SEN), specificity (SPE), positive predictive value (PPV), and negative predictive value (NPV) were calculated in both training and testing datasets.



Calibration Degree

Calibration curves were plotted in both training and testing datasets to explore the agreement between the observed outcome frequencies and predicted probabilities of the RSs. The Hosmer–Lemeshow test was used to determine the goodness of fit of the models, and p values of more than 0.05 were considered well-calibrated.


Clinical Application

Decision curve analysis (DCA) was conducted to assess the clinical usefulness by quantifying the net benefits at different threshold probabilities in both training and testing datasets.





Statistical Analysis

All statistical analyses were performed using R language (version 3.5.1, https://www.r-project.org). Categorical variables between two or more groups were compared with the χ² test, and continuous variables between groups were compared with either Student’s t test or Mann–Whitney U test (for two groups, as appropriate) with Bonferroni correction (p < 0.017 indicated significance) or by ANOVA (for three groups). Categorical variables were presented as counts (percentage), and continuous variables were presented as mean (SD) or median (25%, 75%), as appropriate.

ICC was calculated using the “lme4” package. LASSO regression was performed using the “glmnet” package. Multivariate logistic regression was performed using the “rms” package. ROC curves were plotted using the “pROC” package. The calibration curve and Hosmer–Lemeshow test were conducted using the “ModelGood” package. Decision curve analysis was performed using the “dca. R” package.




Results


Patient Dataset

A total of 135 patients including PsP (N = 34), HPD (N = 43), and sPD (N = 58) were analyzed in this study. The most common tumor types included the respiratory system neoplasms (n = 73) and digestive system neoplasms (n = 31). In our population, the incidence rate of HPD (10.44%) is slightly higher than PsP (8.25%) in the whole datasets. More than half of the patients (n = 72) received ICI monotherapy, and 46.67% (n = 63) received combination chemo-immunotherapy.

There was no statistically significant difference in baseline age, gender, pre-chemotherapy or radiotherapy, monotherapy or plus chemotherapy, brain metastasis, bone metastasis, lung metastasis, or hepatic metastasis (all p > 0.05) among the three groups. The characteristics of 135 patients are summarized in Table 1.


Table 1 | Baseline characteristics of 135 patients.





Development and Validation of Radiomics Signatures


RS for Discriminating PsP From HPD

After inter- and intra-reader reproducibility analysis, a total of 210/214 (104/107 from intra-tumoral and 106/107 from peri-tumoral) features showed stability with both intra- and inter-reader ICCs greater than 0.75; the details are shown in Table 2 and Supplementary Figure 1.


Table 2 | The process of features selection.



The most predictive and strongest features were remained after the process of feature selection (Table S1). Then, RSs were calculated for each patient via a linear combination of the selected features weighted by respective coefficients (the calculation formulas are shown in Supplementary Formula).

The distribution of the combined RSs in the training and testing datasets is shown in Figure S2. The RSs derived from intra-tumoral, peri-tumoral, and combined models were all significantly higher in patients with HPD than those with PsP in both training and testing datasets (all p < 0.017 after Bonferroni correction). According to the maximum Youden’s index, 0.109, 0.386, and −0.298 were respectively set as the optimal cutoff values in the intra-, peri-tumoral, and combined models (Tables 3-1). Table 4, Figure S3 and Figure 4 show the discriminative performance of the models. The combined RS extracted from the intra- and peri-tumoral models yielded the highest AUC of 0.834 and an ACC of 0.827 in the training datasets, which were higher than those of the intra-tumoral model (yielded an AUC value of 0.804 and an ACC value of 0.733) alone. However, the RS extracted from the peri-tumoral model yielded the highest AUC of 0.848, along with a lower ACC of 0.773 than those of combined RS. Considering AUC and ACC together, a corresponding result was also found in testing datasets. The combined RS yielded the highest AUC value of 0.835 and an ACC value of 0.794, which were higher than those of intra- (yielded an AUC of 0.769 and ACC of 0.735) and peri-tumoral (yielded an AUC of 0.824 and ACC of 0.765) models alone. Interestingly, the RS extracted from the peri-tumoral model yielded a higher AUC than that of the intra-tumoral model in both training and testing datasets. The calibration curve indicated the good fitness of the conventional model with a p value of the Hosmer–Lemeshow test bigger than 0.05, which is shown in Figure S4 and Figure 5. The clinical usefulness is shown as a decision curve in Figure S5 and Figure 6.


Table 3-1 | The distribution of the radiomics scores for PsP vs HPD in the training and testing datasets.







Table 3-2 | The distribution of the radiomics scores for PsP vs HPD in the training and testing datasets.






Table 3-3 | The distribution of the radiomics scores for HPD vs sPD in the training and testing datasets.








Figure 4 | Evaluation of the predictive performance of the radiomics signatures in the testing datasets. In each ROC, the black curve is the ROC of the intratumoral model, the blue curve is the ROC of the peritumoral model, and the red curve is the ROC of the combine model.






Figure 5 | The calibration curves of the proposed radiomics models in the testing datasets. The 45° gray line indicates an ideal prediction. The black, blue, and red lines represent the intratumoral, peritumoral, and combined model predicted results, respectively. The X axis represents the predicted probability, and the Y axis represents true probability. The p value was derived from the Hosmer–Lemeshow test.






Figure 6 | Decision curve analysis for the radiomics signatures in the testing datasets. The result of the decision curve analysis indicated that the prediction of PsP and HPD using the combined RS can give more net benefit than by treating none or all patients in both training and testing datasets.





RS for Discriminating PsP From sPD

Similar results were observed in PsP vs. sPD. As shown in Table 4, Figure S3 and Figure 4, the combined RS yielded the highest AUC of 0.923 and an ACC of 0.868, which were higher than those of the intra- (yielded an AUC of 0.902 and an ACC of 0.838) and peri-tumoral (yielded an AUC of 0.912 and an ACC of 0.868) models alone. The peri-tumoral RS yielded a higher AUC value than that of the intra-tumoral model in both training and testing datasets. The RSs derived from the combined region were all significantly higher in patients with sPD than those with PsP in both training and testing datasets (Figure S2). The optimal cutoff values in the intra-, peri-tumoral, and combined model are displayed in Table 3-2. The calibration curve and decision curve are shown in Figures S4, S5 and Figures 5, 6.



RS for Discriminating HPD From sPD

The RSs derived from the combined region were all significantly higher in patients with sPD than those with HPD in both training and testing datasets (Figure S2). According to the maximum Youden’s index, 0.741, -0.154, and 1.325 were respectively set as the optimal cutoff values in the intra-, peri-tumoral, and combined models (Table 3-3). The combined RS yielded the highest AUC of 0.959 and an ACC of 0.894, which were higher than those of intra- (yielded an AUC of 0.911 and ACC of 0.824) and peri-tumoral (yielded an AUC of 0.894 and ACC of 0.835) models alone. The intra-tumoral RS yielded a higher AUC value than that of peri-tumoral RS in training datasets but lower in testing datasets (Table 4, Figure S3 and Figure 4).


Table 4 | The discriminative performance of the models in the training and testing datasets.







Discussion

In this multicenter study, we investigated the ability of pretreatment CT-based RSs extracted from intra- and peri-tumoral regions to predict atypical responses to ICI in multiple solid tumors. Our findings showed that the peri-tumoral regions have additional predictive values relative to the intra-tumoral regions in different immunotherapy responses, especially for PsP datasets.

As shown above, AUC values ranged from 0.834 to 0.959, whereas ACCs ranged from 0.827 to 0.894 in the combined RSs of the intra- and peri-tumoral regions outperformed than either of them alone. Besides, peri-tumoral RS showed a higher AUC (0.848 vs. 0.835) than combined RS in PsP vs. HPD, but lower ACC (0.773 vs. 0.827). In general, it is clear that the combination of intra- and peri-tumoral regions yielded the overall best classification performance. Noticeably, the most predictive RSs were found to be within an immediate distance of 5 mm from the lesion in predicting PsP when compared with either HPD or sPD, suggesting that features from the peri-tumoral region may have unique power in identifying PsP.

Radiomics is an approach involving a computerized extraction of certain quantitative imaging features, which has shown promise in predicting as well as monitoring treatment response (27). For predicting PsP, our results are in line with the study by Sun et al., who used radiomics from the peri-tumoral region to detect CD8 cells and predict immunotherapy response in multiple datasets (28). Similar results are available in research by Tunali et al.; the authors validated peri-tumoral features highly associated with the tumor-infiltrating lymphocyte (TIL) density on biopsy samples, which may provide a better understanding of the underlying biology (29). More specifically, the immediate surrounding tumor immune microenvironment (TIME) may offer unique information prior to administration of ICI that potentially decodes TILs. However, Shen and his colleagues constructed RS for predicting lymph node metastasis of patients with esophageal cancer before surgery from intra- and peri-tumoral areas and found that the former had a better performance in their research (30). In theory, due to the multiregional and microenvironmental heterogeneity in malignant tumors, it is reasonable to speculate that features from the whole tumor and peri-tumoral regions could have a comprehensive understanding of pathophysiology and the best performance in predicting response than those from only single regions (31). Although the biology of PsP and HPD is nevertheless to be understood, many of the present theories hypothesize that various immunoregulatory cells within the TIME could also be liable for this phenomenon (32). Interestingly, there is increasing evidence that TILs could be translated into certain quantitative features from the peri-tumoral region on CT-based radiomics, while further study is still needed (33).

PsP was first described on immunotherapy of the CTLA-4 inhibitor in melanoma, with a patient who experienced an enlargement of a cutaneous lesion after initial treatment, followed by a long-term stability (5). Afterward, PsP was used to describe as clinically improved or stable after a primary disease progression. The incidence of PsP cases observed in our study (8.25%) is consistent with the rate of this phenomenon observed in previous literatures as ranging from 1.1% to 9.1% across multiple solid tumor types (34). However, it should be noted that the incidence of PsP was underestimated in most clinical practices. For instance, PsP can imitate true progression radiographically and may be misclassified as a non-responder then excluded from immunotherapy by an inexperienced physician according to primitive WHO or RECIST criteria. Although iRECIST was proved superior to RECIST1.1 in identifying PsP, it requires an additional 4–8-week reassessment in cases of suspected progression causing an extra cost and a time leg on a potentially ineffective therapy (21). Our results indicate that radiomics can predict PsP who received ICI and may supplement conventional response evaluation criteria.

Actually, PsP is not a real tumor progression. The mechanism behind PsP could be that tumors could have ongoing growth until the activation of effective antitumor immune responses develops (35). Another explanation could be the infiltration of T cells into tumors, leading to a transient increase in tumor burden rather than true proliferation of tumor cells (36). The second hypothesis was later confirmed on tumor biopsies from patients with melanoma experiencing transient progression on a CTLA-4 inhibitor, showing an acute inflammatory reaction with lymphocyte infiltration.

Totally 9 of the 16 radiomics features were extracted from peri-tumoral regions in PsP vs. HPD and PsP vs. sPD groups that may be capturing data related to the TIME. Of note, the glszm_ZoneEntropy feature has been selected from both intra- and peri-tumoral regions in PsP vs. HPD, which was often appeared in tumor grading or staging and differentiation diagnosis (37, 38). Gldm_SmallDependenceEmphasis was used for predicting the genetic mutation status in NSCLC patients (39). Moreover, first-order and shape features quantify the range of gray values in the ROI which reflect the degree of heterogeneity of the tumor (40, 41). In a few clinical trials, PsP has been reported to be more common in younger patients, which may be due to the better reactivity of the immune system and may occur at any time after the start of treatment. However, there was no significant difference in our study, probably due to the limited sample size (42).

Another pattern of atypical responses called HPD was first reported in a case study of NSCLC on nivolumab treatment, with the observation that the patient seems to have an accelerated tumor growth rate after the initiation of ICI (43). The incidence of HPD from 4% to 29% of patients in various cancer types on ICI has been reported in several studies, which is higher than that of PsP (44). Unlike PsP followed subsequently by tumor regression, HPD represents true tumor growth and deserves more attention because patients experiencing HPD have a significantly shorter OS than sPD (3.6 vs. 6.2 months), suggesting that HPD has a deleterious effect and that it should be treated as a therapeutic emergency (45). Several mechanisms of HPD such as T cell exhaustion and expansion, aberrant inflammation and oncogenic pathway activation, and modulation of pro-tumorigenic immune subdatasets have been proposed (44). However, some previous reports suggested that being female, advanced age (>65 years), monotherapy, and epidermal growth factor receptor (EGFR) alterations were associated with HPD. However, the reports from different studies sometimes oppose each other (44, 46). We could not find any relationship between clinical variables and HPD in our study, probably related to the definition of HPD and the heterogeneity of the population enrolled. In contrast to predict PsP, the intra-tumoral RS have a similar performance with peri-tumoral RS, suggesting that the difference in heterogeneity plays a leading role between HPD and sPD, which could be explained by glszm_SizeZoneNonUniformityNormalized and coarseness features (both have higher values indicating more heterogeneity in the imaging). Recently, Tunali et al. reviewed pretreatment contrast-enhanced CT scans and radiomics features of 228 NSCLC patients, and they used parameters derived from both the tumor and tumor border regions to distinguish five HPD patients from non-HPD with an AUC of 0.865 (47). However, it was not capable to be applied because of shortages in cases and model construction.

Nowadays, some approaches are exploratorily used to identify atypical responses to immunotherapy. The first method is liquid biopsies, such as circulating tumor DNA (ctDNA), which was reported to decrease greatly in nine PsP patients with melanoma receiving ICI (47). However, different tumor types or inhibitors are required to further validate the relationship between ctDNA and PsP under immunotherapy. The second method is response evaluation criteria for immunotherapy, such as iRECIST (21). These criteria allow iUPD patients to continue treatment and reevaluate their responses with a time lag (after 4–8 weeks) or unneeded immune-related adverse effects (irAE). The third method is tumor genomic biomarkers, such as MDM2/MDM4 amplifications and EGFR alterations (48). Kato et al. performed next-generation sequencing of four patients with HPD revealed MDM2/MDM4 amplifications in 2 patients and EGFR amplification in one patient. In contrast, Kim et al. found no MDM2/MDM42 amplifications in the 18 patients with HPD (49). Unlike the above noninvasive methods, biopsies of tumors from some patients suspected of PsP have been found to contain dense inflammatory infiltrates or necrosis, instead of increased malignant load. Despite this, biopsies are often limited by a relatively small tissue sample and spatial heterogeneity and carry a procedure risk.

PsP and HPD are both atypical responses to immunotherapy, and oncologists should be conscientious to not confuse them with sPD, so as to avoid changing treatment too early for PsP, or too late in case of (hyper-)progressive disease. To this end, we aimed to use CT imaging, since it is routinely, noninvasive, and informative of the entire tumor burden and can be performed serially. To our knowledge, this is the first study to explore the ability of RS for prediction of atypical responses to ICI. Our findings potentially hold significant clinical applications, because they could provide a clinical framework for the pretreatment identification of atypical responses.

There are several limitations in our study. First is the retrospective nature and relatively small number of atypical responses, which limited the ability to perform stratified analyses, such as unitary tumor. However, we aim to test the true generalization performance of the classifier across multitumor interspecifics. Second, we only explored the radiomics features from pretreatment CT imaging; perhaps different or more information would be obtained with CT evaluations after ICI, although as claimed by the principle of “first, do no harm.” Third, lack of LDH, PD-L1 expression, and tumor mutation burden (TMB) in most patients in these retrospective datasets limit the assessment of prediction values. Fourth, the peri-tumoral features were only extracted within an immediate distance of 5 mm from the lesion. It is unclear whether other distances perform a superior prediction ability. Overall, validation of these radiomics biomarkers still needs to be done on larger multisite datasets.



Conclusion

In conclusion, atypical responses to ICI are not uncommon phenomena observed with the incidence of 8.25% in PsP and 10.44% in HPD. The present preliminary study suggested that pretreatment CT-based radiomics provided a potential tool to differentiate among PsP, HPD, and sPD, thereby providing possibility for the prediction of atypical responses to ICI. In addition, RS derived from the peri-tumoral outperformed intra-tumoral region in identifying PsP, and the combined RS outperformed those from either intra- or peri-tumoral alone which may provide a more comprehensive characterization of atypical responses to ICI.
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Objectives

This project aimed to construct an individualized PET/CT prognostic biomarker to accurately quantify the progression risk of patients with stage IIIC-IV epidermal growth factor receptor (EGFR)-mutated Non-small cell lung cancer (NSCLC) after first-line first and second generation EGFR- tyrosine kinase inhibitor (TKI) drug therapy and identify the first and second generation EGFR-TKI treatment-sensitive population.



Methods

A total of 250 patients with stage IIIC-IV EGFR-mutated NSCLC underwent first-line first and second generation EGFR-TKI drug therapy were included from two institutions (140 patients in training cohort; 60 patients in internal validation cohort, and 50 patients in external validation cohort). 1037 3D radiomics features were extracted to quantify the phenotypic characteristics of the tumor region in PET and CT images, respectively. A four-step feature selection method was performed to enable derivation of stable and effective signature in the training cohort. According to the median value of radiomics signature score (Rad-score), patients were divided into low- and high-risk groups. The progression-free survival (PFS) behaviors of the two subgroups were compared by Kaplan–Meier survival analysis.



Results

Our results shown that higher Rad-scores were significantly associated with worse PFS in the training (p < 0.0001), internal validation (p = 0.0153), and external validation (p = 0.0006) cohorts. Rad-score can effectively identify patients with a high risk of rapid progression. The Kaplan–Meier survival curves of the three cohorts present significant differences in PFS between the stratified slow and rapid progression subgroups.



Conclusion

The PET/CT-derived Rad-score can realize the precise quantitative stratification of progression risk after first-line first and second generation EGFR-TKI drug therapy for NSCLC and identify EGFR-mutated NSCLC populations sensitive to targeted therapy, which might help to provide precise treatment options for NSCLC.
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Introduction

Non-small cell lung cancer (NSCLC) is the leading cause of cancer death worldwide (1). The onset of NSCLC is insidious, and most patients present at an advanced stage. For advanced NSCLC, platinum-based combination chemotherapy has reached a bottleneck, with suboptimal efficacy. In recent years, targeted therapy has achieved remarkable results in cancer treatment, showing great promise in the treatment of a variety of advanced tumors. In patients with NSCLC, especially in East Asian populations, the mutation rate of human epidermal growth factor receptor (EGFR) is as high as 40%~55% (2). Therefore, researchers have developed small-molecule tyrosine kinase inhibitor (TKI) drugs that target EGFR in EGFR gene mutation therapy, which have subsequently been found to prolong progression-free survival (PFS) in such patients when compared with chemotherapy in clinical application (3), extend the median PFS of patients to 9~11 months (4).

However, not all patients can benefit from them. In the clinical application, it is found that for a large part of NSCLC patients with Phase IIIC/IV EGFR mutation after the first-line EGFR-TKI treatment the disease progressed rapidly and they could not benefit from the treatment. The third generation of TKI Osimertinib can simultaneously suppress the EGFR-TKI-sensitive gene and T790M, the drug resistance gene of the first and second generation of TKIs, and extend the median PFS of patients. However, not all patients need the treatment of Osimertinib. For some patients, the treatment effect of the first and second generation of TKIs is very good (5). Therefore, how to screen the patients suitable for the treatment of the first and second generation of TKIs is particularly important. The progress of patients receiving the clinical treatment after the treatment of the first and second generation of EGFR-TKIs was accurately quantified and evaluated, thus recognizing the population not sensitive to the treatment, guiding the clinical decision, making the corresponding treatment and follow-up plan, and improving prognosis. It has an important clinical value.

In 2012, Lambin et al. (6) first proposed the concept of radiomics, that is, the high-throughput extraction of image information from medical images and deep-seated mining and analysis of massive image data to reveal the pathophysiological characteristics of diseases (such as tumor heterogeneity) and provide the most accurate decision support for disease diagnosis, prognosis prediction and precision treatment (7–10). In the past, by using the technical means of radiomics in medical imaging, such as computed tomography (CT), magnetic resonance imaging (MRI), ultrasound and positron emission tomography (PET), multiple research teams have revealed the associations between microscopic image information and tumor genotyping, tumor treatment efficacy and prognosis through deep-seated information mining and analysis (11).

18F-fluordeoxyglucos (18F-FDG) PET/CT radiomics analysis can extract additional layers of information on tumor heterogeneity, such as biological metabolism information and anatomical characteristic (12). Tumor cell glucose metabolism produces different genetic variations during growth and treatment, so the glucose metabolism at different sites in the same tumor lesion shows significant heterogeneity (13). 18F-FDG PET, which can reflect the glucose metabolic intensity information of tumor lesions, has played an important role in clinical application for NSCLC (14–17). PET/CT radiomics features can be used as an individualized prognostic biomarker for patients with NSCLC (18–20). Kang F et al. successfully applied the radiomics in the diagnosis and differential diagnosis of lung cancer to reduce the false negative rate (21). Zhang J et al. showed that PET/CT radiomics model could recognize the mutation type of EGFR (22).

In recent years, PET/CT radiomics has been used to quantify the risk of progression of patients with lung cancer after treatment, gastric cancer, and glioblastoma (14–16). However, few studies based on PET/CT radiomics to accurately predict the risk of progression after first and second generation of EGFR-TKI therapy in stage IIIC/IV EGFR-mutated NSCLC patients (23). To address the clinical challenges that the progression risk of patients with stage IIIC-IV EGFR-mutated NSCLC is difficult to accurately quantify and stratify after first-line first and second generation of EGFR-TKI targeted drug therapy, we aimed to construct an individualized prognostic biomarker to accurately quantify the progression risk of patients with stage IIIC-IV EGFR-mutated NSCLC after first-line first and second generation of EGFR-TKI drug therapy and identify the first and second generation of EGFR-TKI treatment-sensitive population, which is expected to aid clinicians in treatment decision-making.



Materials and Methods

This retrospective, two-center study was approved by our Institutional Review Board. The requirement for written consent was waived by the board.


Patients

This 2-center retrospective study was conducted jointly by two independent departments. This study was conducted in accordance with the Declaration of Helsinki. Our Institutional Review Board approved this retrospective study and waived the requirement for informed consent from the patients. Before treatment, all patients successively underwent clinical examination, PET/CT scan, blood tests, and pathological examination. The inclusion criteria were as follows: 1. age 18 and older, stage IIIC-IV NSCLC according to the TNM classification system of the American Joint Committee on Cancer; 2. EGFR mutation; 3. TKI group patients were treated with first-line first and second generation EGFR-TKI according to the criteria established by the National Comprehensive Cancer Network (NCCN) until disease progression, with doses appropriately reduced if severe adverse events occurred; and 4. pretherapy PET/CT was acquired two weeks before the initiation of EGFR-TKI therapy. The exclusion criteria were as follows: 1. patients with a history of a second neoplasm; 2. patients with a history of anticancer therapy or surgical therapy; and 3. HIV-positive patients. The clinicopathological information included epidemiological information and characteristics related to the risk of progression after treatment, including age, sex, and smoking history, pathological type, TNM stage, performance status (PS) score, EGFR gene mutation type, carcinoembryonic antigen (CEA) value, NSCLC-associated antigen value (CYFRA21-1), and the presence or absence of brain/bone/liver/lung/pleural/adrenal metastases. All of the clinicopathological information were complete record for all eligible patients.

In total, 200 patients were recruited from July 2007 to July 2019 from center 1. These patients were randomized into training (N = 140) and internal validation (N = 60) cohorts. Using the same inclusion criteria, 50 patients who initiated TKI-therapy between June 2008 and June 2018 from center 2 was subsequently accrued. This was used as external validation cohort (N = 50). The follow-up interval was 4-6 weeks, and the examinations included clinical physical examination, routine laboratory tests and chest CT or PET/CT. The follow-up duration of this project was 2 years. If no endpoint event (disease progression or death) occurred, the follow-up duration should be at least 3 years. PFS was considered the time from the initiation of EGFR-TKI therapy to the date of confirmed disease progression or death. PFS was censored at the date of death from other causes or the date of the last follow-up visit for progression-free patients.



PET/CT Scans

PET/CT scans of the training and internal validation cohorts were performed in center 1 using a Sensation Biograph Somatom 16 HR PET/CT machine (SIEMENS, Germany). Scans of external validation cohort were acquired in center 2 on eight-section PET/CT scanner (Discovery ST 8; GE Healthcare, Wisconsin, USA). All patients fasted for at least 6 hours before the PET/CT scan. Only patients with blood glucose levels between 72.0 and 144.0 mg/dL (4.0 - 8.0 mmol/L) were subjected to PET/CT scan. The patients were instructed to lie still in a quiet room for 60 ± 5 minutes after they received an intravenous injection of 0.1-0.2 mCi/kg (3.7-7.4 MBq/kg) of 18F-FDG.

Trunk PET scans were performed from the upper thigh to the pharynx nasalis immediately after completion of the CT scans. After a skull CT scan, a 5-minute skull PET scan in one bed position was performed from the foramen magnum to the top of the skull. PET scans in center 1 and center 2 were respectively performed using a three-dimensional model with a matrix of 128×128 voxels and a two-dimensional model with a matrix of 128×128 voxels.

For CT reconstruction, the raw data were converted into images using two-dimensional fast Fourier transform. For three-dimensional reconstruction, CT data were converted by the digital model and prepared for attenuation correction of PET images by using voxel space overlay and interpolation. PET images were reconstructed using the iterative ordered-subset expectation maximization (OSEM) method (4 iteration times and 8 character sets) with scatter correction. Image fusion was completed, producing PET, CT, and PET/CT fusion images in the transverse, sagittal, and coronal planes.



Tumor Segmentation

The contour of primary lung tumor (also called region of interest, ROI) on PET and CT images was first delineated slice-by-slice by a nuclear medicine physician with 10 years of experience in thoracic oncology using ITK-SNAP software (version 3.6.0; www.itksnap.org). To evaluate the reproducibility of feature extraction to different contours of segmentation, the delineated ROIs were perturbed by supervoxel–based contour randomization (24) to produce perturbed ROI in 60 randomly selected patients from training cohort.



Radiomics Feature Extraction

Both PET and CT radiomics features were extracted using the PyRadiomics package (version 3.0; https://github.com/Radiomics/pyradiomics), an open-source platform for easy and reproducible radiomics feature extraction (25). 14 volumetric shape were separately extracted from PET and CT segmentation masks; 18 first-order statistical and 75 texture-matrix radiomics features were extracted from the original and 8 wavelet- and 2 Laplacian of Gaussian (LoG)-filtering-derived PET and CT images, respectively. Ultimately, 2074 = 2 modalities × [14 shape + (18 intensity+ 75 texture) × (1 + 8+2 images)] 3D radiomics features were extracted to quantify the phenotypic characteristics of the tumor region in PET and CT images. The parameter settings of PET/CT image preprocessing and the generation of derived images for customizing the PyRadiomics feature extraction are described in Supplemental Table S1. The comprehensive radiomics features list is described in Supplemental Table S2. To correct for differences in features caused by the different centers (i.e., different scanners), we used the ComBat compensation method (https://github.com/Jfortin1/ComBatHarmonization), which identified a center-specific transformation to express the feature data in a common space devoid of center effect (26–28). To further ensure that the range of features was relatively uniform, we firstly normalized the training data into z-scores, then the mean and standard deviations of training cohort were used to normalize the feature values of the internal and external validation cohorts.



Radiomics Feature Selection, RAD-Score Building, and Prognostic Modeling

In order to avoid overfitting due to the over-abundance of features relative to sample size, we performed a four-step feature selection method to enable derivation of stable and effective signature in the training cohort. First, the two-way random effects, absolute agreement, single rater/measurement intra-class correlation coefficient (ICC) (29) was calculated for each feature to evaluate the robustness of feature extraction to different contours of segmentation. Features with ICC greater than 0.8 were considered as robust features and retained (30). Secondly, Pearson correlation analysis was used to assess the correlation between all remaining features. For each feature pair with absolute correlation coefficient > 0.8, the feature that yielded higher absolute column-wise correlation mean was eliminated, which tends to provide redundant information about tumor phenotype. Thirdly, univariate Cox analysis was conducted by performing 10-fold cross validation in the training cohort, and Harrell’s concordance index (C-index) was used to measure the prognostic performance. Features were sorted in descending order of the mean validation C-index (in the 10 validation rounds), and the top 10 features were selected. Finally, multivariate Cox analysis that considered all possible combinations of candidate features (in sets of 2 up to 10 features) was conducted by performing 10-fold cross validation in the training cohort, and the feature combination with the highest average validation C-index (in the 10-fold cross validation) and significantly associated with PFS was identified as prognostic signature. The signature was used to refit the final Cox model (Radiomics model) in the whole training cohort, and the radiomics signature score (Rad-score) for each patient was calculated based on the selected signature.

For clinicopathological parameters, univariate Cox analysis was performed to assess the association with PFS, and only significant predictors (p < 0.05; p values were corrected for false discovery rate (FDR)) after multiple testing correction with the Benjamini-Hochgerg method (31) in the training cohort, were kept to build multivariable Cox model (Clinicopathological model). To further assess whether the clinicopathological findings can improve the performance of the Rad-score, statistically significant clinicopathological parameters were combined with the Rad-score via forward stepwise feature selection using maximum log-likelihood criterion as the stopping rule (32), to build a combined multivariable Cox model (Combined model).



Validation of Prognostic Model for PFS Prediction

Time-dependent receiver operating characteristic (ROC) analyses were performed to estimate the probability of each model in predicting 10-month, one-year and 14-month PFS. C-index and area under the ROC curve (AUC) were quantified to evaluate the prognostic accuracy in the training cohort and another two independent validation cohorts. The prognostic score was generated for multivariable Cox model by using a linear combination of selected features weighted by their respective coefficients. Patients were stratified into slow and rapid-progression subgroups by the median value of prognostic score as computed in training cohort; log-rank test was then used to compare the significant difference between the two Kaplan–Meier curves. The same median value of prognostic score was applied to the two independent validation cohorts to perform risk stratification. All patients who received EGFR-TKI therapy were therefore stratified into slow and rapid-progression subgroups. The PFS behaviors of the two subgroups were compared by Kaplan–Meier survival analysis.



Statistical Analysis

Statistical analysis was performed with MATLAB R2015b, Statistical Program for Social Science (SPSS; version 22.0) and R software (version 3.4.4; http://www.Rproject.org). A two-sided p value < 0.05 was used as the criterion to indicate a statistically significant difference.




Results


Patient Characteristics

The baseline characteristics of the three patient cohorts with stage IIIC-IV EGFR-mutant NSCLC from two institutions are summarized in Table 1. 250 patients received first and second generation EGFR-TKI therapy (140 patients, 60 patients, and 50 patients in three cohorts), and 243 of the 250 (97.2%) patients suffered NSCLC progression during the follow-up period. The mean PFS for the training, internal validation, and external validation cohorts was 9.82 ± 6.86 months (range 0.3-35 months), 12.14 ± 8.47 months (range 1-40.5 months), and 15.20 ± 11.49 months (range 2.1-58.5 months), respectively.


Table 1 | Demographic and clinicopathologic characteristics of the training cohort, internal validation cohort and external validation cohort.





PFS Prediction Performance of the RAD-Score and the Combined Model

A three-feature signature was built by four-step feature selection in the training cohort (Supplemental Tables S3, S4), and it was further used for the construction of multivariable radiomics model (Supplemental Table S5), and the Rad-score was calculated for each patient. Rad-score = 0.242 × PET_wavelet_LHL_First-order 90th percentile + 0.214 × PET_wavelet_LHL_GLDM Large Dependence High Gray Level Emphasis + 0.199 × CT_wavelet_HHH_First-order Kurtosis.

The C-index of the radiomics model (Rad-score) for PFS prediction was 0.65 (95% confidence interval (CI): 0.60-0.70) for the training cohort and 0.61 (95% CI: 0.53-0.68) and 0.60 (95% CI: 0.52-0.68) for the internal and external validation cohorts, respectively (Table 2). The AUC for the radiomics model (Rad-score) ranged from 0.58 to 0.72, 0.64 to 0.74, and 0.67 to 0.79 for 10-month, one-year, and 14-month PFS probability prediction in the three cohorts, respectively (Table 2 and Figure 1A).


Table 2 | Model performance on predicting PFS and time-dependent PFS probability.






Figure 1 | Time-dependent receiver operating characteristic (ROC) curves of (A) radiomics model, (B) clinical model and (C) combined model in the training, interval validation, and external validation cohorts.



In univariate Cox proportional hazards regression analysis, after FDR correction, only N stage was found to be significantly associated with PFS in the training cohort. The corresponding C-index, p values and hazard ratios (HRs) with 95% CIs are detailed in Supplemental Table S6. The C-index of the clinical model (N stage) was 0.59 (95% CI: 0.54-64), 0.56 (95% CI: 0.47-0.64), and 0.56 (95% CI: 0.48-0.64) for training, internal and external validation cohorts, respectively. The AUC of clinical model for 10-month, one-year, 14-month PFS probability prediction ranged from 0.62-0.67, 0.57-0.71. and 0.59-0.62 in the three cohorts, respectively (Table 2 and Figure 1B). The combined model incorporating the Rad-score and N stage yielded a C-index of 0.67 (95% CI: 0.62-0.72) in the training cohort, 0.61 (95% CI: 0.52-0.69) in the internal validation cohort, and 0.60 (95% CI: 0.51-0.69) in the external validation cohort; the AUC ranges were 0.60-0.75, 0.66-0.78, and 0.71-0.81 for the 10-month, one-year, and 14-month PFS probability predictions in the three cohorts, respectively (Table 2 and Figure 1C). The statistical comparison of the ROC curves between the combined model and radiomics model (Rad-score) was performed using the DeLong test method (33). The p values from the DeLong test are given in Supplemental Table S7. No significant differences were found (all p values > 0.05); therefore, the combined model showed no performance improvement when compared with the radiomics model (Rad-score) for PFS prediction.



Risk Stratification of EGFR-TKI Therapy and Identification of a Sensitive Population

As shown in Figures 2A, B according to the division of median value of Rad-score (median value: -0.0721), each of these three cohorts was divided into slow-progression (blue bars) and rapid-progression (red bars) in the expectation of EGFR-TKI therapy. The Kaplan–Meier survival curves of the three cohorts present significant differences in PFS between the stratified slow and rapid progression subgroups. Higher Rad-scores were significantly associated with worse PFS in the training (p < 0.0001), internal validation (p = 0.0153), and external validation (p = 0.0006) cohorts. The proportion of rapidly progressing patients in each cohort was 50%, 47%, and 50%. Compared with the Rad-score, the Clinicopathological model based on N stage cannot identify the patients with a high risk of rapid progression in the internal (p = 0.1100) and external (p = 0.4637) validation cohorts (Figure 2C). At the same time, the combined model incorporating the Rad-score and N stage cannot successfully achieve risk stratification in the external (p = 0.1010) validation cohort (Figure 2D).




Figure 2 | (A) Rad-score according to the three-feature signature and Kaplan–Meier survival curves of (B) radiomics model, (C) clinical model, and (D) combined model in the training (left), interval validation (middle), and external validation cohorts (right). All scores have subtracted the cutoff. P values were calculated using the log-rank test.






Discussion

Our 2-center study results showed that the established PET/CT Rad-score had favorable predictive performance for PFS estimation. It can accurately quantify the risk of progression after first-line EGFR-TKI treatment in NSCLC patients and identify populations sensitive to targeted therapy for EGFR-mutant NSCLC to help develop personalized clinical treatment regimens.

At present, few studies based on PET/CT radiomics to predict PFS of NSCLC patients with EGFR mutations. Although, our previous study (23) attempted to investigate the performance of PFS prediction using interim PET/CT (∆SUVmax and ∆SUVmean) in stage IIIC/IV EGFR-mutant NSCLC patients with EGFR-TKI therapy, this is a single-centre study with a small cohort size (78 patients), the AUCs of the ∆SUVmax and ∆SUVmean were 0.764 and 0.725, respectively. This results has not been validated with independent cohorts from different centers, hence it may be over-fitting. Our results showed that the AUCs of the Rad-score were 0.72, 0.74, and 0.79 for 10-month, one-year, and 14-month PFS probability prediction in the training cohort. This is comparable with previous study. However, the corresponding AUCs were 0.66, 0.64 and 0.67 in the internal validation cohort, and 0.58, 0.69 and 0.76 in the external validation cohort, which reiterates the importance of multi-center independent validation to reflect the actual performance of radiomics model. Furthermore, this results are consistent with study by Kirienko et al. (15), which used PET/CT radiomics signatures to successfully predict disease-free survival (DFS) of 259 patients with NSCLC after surgery; it achieved an AUC of 0.68 via using PET/CT signature in the independent validation cohort (90 patients), and an AUC of 0.65 after combining it with clinical predictors. While the C-index of above studies were not reported, so there is no direct comparison of C-index. Importantly, our Rad-score had higher C-index and AUCs than clinical N stage in all three cohorts (Table 2), and can effectively identify the patients with low risk of slow progression in internal and external validation cohorts, and for these patients, EGFR-TKI therapy showed great clinical benefits (Figure 2).

In this study, a total of 2074 (1037 PET and 1037 CT) radiomics features were extracted to quantify the phenotypic characteristics of the tumor region in PET and CT images, and a 4-step feature selection method was performed to avoid model overfitting. In particular, the robustness of feature extraction to different contours of segmentation was evaluated, which may improve the stability and generalizability of model. Herein, we used supervoxel-based contour randomization (24) to create perturbed ROIs in PET and CT images of 60 randomly selected patients, respectively. Having 60 patients (120 PET and CT ROIs) perturbed would have made it possible to assess the robustness of feature extraction (34–36). Furthermore, due to the perturbed ROIs may deviate from tumor region, even include some non-tumor slices (Supplementary Figure S1), which may leads to unnecessary removal of features in robustness assessment, the perturbed results were further checked and adjusted slice by slice, which is also a time-consuming process.

It is worth noting that nearly 90% (1867 of 2074) features were non-robust (309 of 2074 features) and redundant (1558 of 2074 features) (Table S3). Furthermore, Chalkidou et al. reported that 10 to 15 observations per predictor variable are minimally required to produce reasonably stable estimates (37). The top 10 features (140 training samples) were therefore selected from the remaining 10% features via univariate Cox analysis, and three-feature signature was eventually built via exhaustive search, which considered all possible combinations   in multivariable Cox analysis. The signature consists of two PET features and one CT feature, namely PET_wavelet-LHL_first-order 90th Percentile (a measure to describe the 90th percentile of intensity distribution of wavelet-filtering PET images), PET_wavelet-LHL_gldm Large Dependence High Gray Level Emphasis (a measure to gauge the distribution of large dependence with higher gray-level values in Gray Level Dependence Matrix (GLDM) of wavelet-filtering PET images), and CT_wavelet-HHH_first order Kurtosis (a measure of peakedness in the intensity distribution of wavelet-filtering CT images). Our study showed that the Rad-score built with the three features could predict posttreatment PFS in the training group and the 2 validation groups of EGFR-TKI-treated patients (Figure 2B). The PET/CT Rad-score identified 123 patients with rapid progression after treatment and 127 patients with slow progression after treatment from 250 patients in the EGFR-TKI treatment group. The PFS of the corresponding two types of patients was 8.56 ± 5.17 months and 14.54 ± 10.19 months. There was a statistically significant difference (p < 0.0001) in PFS between the two groups (Figure 3). The rapid-progression patients in the EGFR-mutated NSCLC group did not benefit from EGFR-TKI treatment and were a TKI-treatment insensitive population. In this study, the PET/CT Rad-score successfully achieved accurate quantification of the risk of progression after first-line first and second generation EGFR-TKI drug therapy in stage IIIC/IV EGFR-mutated NSCLC patients and identified first and second generation EGFR-TKI treatment-sensitive populations.




Figure 3 | Kaplan–Meier survival curves of slow progression subgroup TKI patients (blue line) and rapid progression subgroup TKI patients (red line). P value was calculated using the log-rank test.



Clinicopathological information on the combination of peripheral invasion and metastasis might reflect the biological invasiveness of tumors and have some predictive prognostic value (38). However, our survival analysis results identified only N stage among the clinicopathological factors as a risk factor for predicting PFS in patients receiving EGFR-TKI treatment, while lymph node metastasis is a well-established prognostic feature for predicting the prognosis of NSCLC (39–42). The predictive value of T stage and distant metastasis varies in different studies (4, 43–45), and our study showed that T stage, M stage, and metastasis at all sites were not prognostic factors. Smoking history is a causative risk factor for lung cancer (46), but whether smoking history is a risk factor affecting the therapeutic effect of lung cancer remains inconclusive (47–49). Pathological type and EGFR mutation (exon 18 deletion, exon 19 deletion, or exon 21 L858R substitution) subtype are still controversial prognostic factors in different trials (5, 39, 50–52). In our study, we found that differences in pathological type as well as three common EGFR mutations did not differ in terms of their benefit for EGFR-TKIs (p > 0.05). CEA and NSCLC-associated antigen are important indicators for monitoring the recurrence and progression of NSCLC, but our study did not show them as prognostic factors for predicting PFS. In addition, this analysis did not show that sex had a significant prognostic impact (41).

In the evaluation of the value of the clinicopathological model and Rad-score-clinicopathological combined model, our study showed that the combined model showed no significant PFS prediction performance improvement when compared with the Rad-score, and the AUC did not significantly improve. In addition, compared with the Rad-score, the clinicopathological model based on N stage had poor performance of risk stratification and could not identify sensitive patients with EGFR-TKI therapy in the internal (p = 0.1100) and external (p = 0.4637) validation cohorts. At the same time, the combined model incorporating the Rad-score and N stage could not successfully achieve risk stratification in the external validation cohort (p = 0.1010) and thus could not identify patients with rapid progression who are resistant to EGFR-TKI therapy. The possible reason may be that the clinical factor contains limited and rough prognostic information; moreover, due to tumor heterogeneity, pathological factors cannot reflect the overall tumor differentiation (53, 54). Our findings are in line with those of recent studies that the Rad-score-clinicopathological combined model does not improve the PFS prediction performance (15, 55).

Despite the favorable results of the Rad-score, our study also has some limitations. First, the PET/CT images from two centers were affected by different scanners and protocols. This effect was compensated by the ComBat harmonization method. A more comprehensive method to balance the scanner variance is worth future exploration. Second, we mined 3 prognostic features from PET/CT images and compared their performance with clinicopathological factors. The relationship between the radiomic features and biological level events was not investigated, which limits the broad translation of such radiomics model into clinical application.

Some efforts have been made to introduce biological meaning into radiomics. Tunali et al. performed genomic analysis and immunohistochemistry analysis for carbonic anhydrase IX, and demonstrated that CT treatment response biomarkers for patients with lung cancer treated with immunotherapy were strongly associated with hypoxia, a prognostic factor (56). Ganeshan et al. took a more detailed look at the correlation of CT texture features from lung cancer tumors to histopathologic markers of angiogenesis and hypoxia, and concluded that CT textures appear to be surrogate measure of tumor hypoxia (57). The interpretability of the radiomics model in terms of the biological properties of tissue is an essential and challenge process (58). Our future studies will plan to pursue biological validation to further explain the radiomics prognostic model.



Conclusions

In conclusion, a pretreatment PET/CT radiomics biomarker for the prediction of the PFS of NSCLC patients with stage IIIC/IV EGFR mutations was established; it has the potential to realize the precise quantitative stratification of progression risk after first-line first and second generation of EGFR-TKI drug therapy and identify EGFR-mutant NSCLC populations sensitive to targeted therapy. One of the limitation is that the relationship between radiomics biomarker and biological meaning has not been investigated in present study.
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Purpose

Construction of radiomics models for the individualized estimation of multiple survival stratification in glioblastoma (GBM) patients using the multiregional information extracted from multiparametric MRI that could facilitate clinical decision-making for GBM patients.



Materials and Methods

A total of 134 eligible GBM patients were selected from The Cancer Genome Atlas. These patients were separated into the long-term and short-term survival groups according to the median of individual survival indicators: overall survival (OS), progression-free survival (PFS), and disease-specific survival (DSS). Then, the patients were divided into a training set and a validation set in a ratio of 2:1. Radiomics features (n = 5,152) were extracted from multiple regions of the GBM using multiparametric MRI. Then, radiomics signatures that are related to the three survival indicators were respectively constructed using the analysis of variance (ANOVA) and the least absolute shrinkage and selection operator (LASSO) regression for each patient in the training set. Based on a Cox proportional hazards model, the radiomics model was further constructed by combining the signature and clinical risk factors.



Results

The constructed radiomics model showed a promising discrimination ability to differentiate in the training set and validation set of GBM patients with survival indicators of OS, PFS, and DSS. Both the four MRI modalities and five tumor subregions have different effects on the three survival indicators of GBM. The favorable calibration and decision curve analysis indicated the clinical decision value of the radiomics model. The performance of models of the three survival indicators was different but excellent; the best model achieved C indexes of 0.725, 0.677, and 0.724, respectively, in the validation set.



Conclusion

Our results show that the proposed radiomics models have favorable predictive accuracy on three survival indicators and can provide individualized probabilities of survival stratification for GBM patients by using multiparametric and multiregional MRI features.





Keywords: multiparametric MRI, multi-survival indicators, glioblastoma, machine learning, radiomics analysis



Introduction

Glioblastoma (GBM) is the most common primary malignant neoplasm in adults and is nearly uniformly fatal (1), with a median survival time about 12–14 months (2). It is necessary to establish a survival prediction model that is helpful to the treatment decision-making and disease management for GBM patients (3). In clinical studies for GBM, 5-year or 10-year benchmark survival rates are often calculated to convey prognostic information. A recent study pointed out that three survival endpoints including overall survival (OS), progression-free survival (PFS), and disease-specific survival (DSS) can be used in the study of GBM with confidence (4). It is very important to have a sufficiently long follow-up time to capture the events of interest, and the minimum follow-up time needed depends on both the aggressiveness of the type of endpoint (5).

As a noninvasive and preoperative routine examination for GBM (6), the magnetic resonance imaging (MRI) can comprehensively and macroscopically display the whole tumor and provide fine tumor features, including tumor location, shape, size, and heterogeneity (7). Currently, MRI techniques have great potential for predicting the survival of GBM patients (6, 8, 9). More recently, the field of radiomics has been introduced to extract high-throughput quantitative imaging features from MRI, transform the features into minable data, and establish a prediction or prognosis model connecting image features and tumor phenotype (10, 11). In common MRI acquisitions, four image sequences, i.e., T1-weighted gadolinium contrast-enhanced (T1CE), T1-weighted (T1), T2-weighted (T2), and T2-weighted fluid-attenuated inversion recovery (FLAIR) sequences, are recommended for the diagnosis of a brain tumor (12). It is widely believed that multiparametric MRI can improve the diagnostic efficiency and performance of survival stratification (13). Moreover, the heterogeneity of GBM is reflected in the fact that it usually contains different heterogeneous subregions (such as edema, enhanced and non-enhanced core); this inherent heterogeneity is also reflected in its imaging phenotype because its subregions are described by different intensity distributions of multimodal MRI scanning, reflecting the differences in tumor biology, which all contribute to prognosis prediction (8, 9, 14). Although previous studies have explored the survival time of GBM patients, most of them focus on OS, and the research on the heterogeneity within the tumor is insufficient. Therefore, it is necessary and feasible that a multiparametric MRI- and multiregion-based radiomics approach may improve the performance of the multi-survival stratification in GBM patients.

The aim of the present study was to develop and validate radiomics models based on multiparameter and multiregion MRI for the individualized estimation of the multiple survival indicator stratification in GBM patients.



Materials and Methods


Patient Population and Study Design

A total of 134 patients (i) with clinical information (such as OS of patients) from The Cancer Genome Atlas (TCGA1) GBM Project and (ii) the corresponding MRI data from The Cancer Imaging Archive (TCIA2) were retrospectively included, with the following criteria, (i) including all four types of MRI sequences (T1C, T1, T2, FLAIR); (ii) the MRI sequences were acquired prior to surgery or biopsy; (iii) the MRI sequences were acquired without excessive movement or artifacts; (iv) sufficient clinical data on OS, PFS, or DSS. Additional clinical data for all patients, including age, gender, race, and Karnofsky Performance status (KPS), were obtained from TCGA-GBM Project (see Supplementary Material E2).

In this paper, OS was defined as the time between the date of pathological diagnosis and the date of death or the date of last clinical follow-up. PFS was calculated from the date of initial diagnosis to the new tumor event whether it was (a) a progression of disease, (b) local recurrence, (c) distant metastasis, or (d) new primary tumors at all sites or the time the patient was last known to be alive. Similarly, DSS was measured from the date of initial diagnosis until death from the GBM or last follow-up examination. Then, these patients were divided into long-term and short-term survival groups respectively according to the median of OS, PFS, and DSS. Next, all patients were randomly separated into a training cohort (OS and PFS: n = 94; DSS: n = 90) and a validation cohort (OS and PFS: n = 40; DSS: n = 37) at a ratio of 2:1. In this retrospective study, the requirement for informed consent was waived because all the patient data in TCGA were deidentified.

The main design idea of this paper is as follows: firstly, the multimodal MRI (multiparameter) data of GBM patients are preprocessed; next, the radiomics features are extracted from different regions of interest (ROIs) (multiregions), and then the analysis of variance (ANOVA) and least absolute shrinkage and selection operator (LASSO) methods are used to analyze and screen the extracted imaging features (i.e., radiomics signature) related to the three kinds of survival endpoints. Finally, combined with clinical risk factors such as age, gender, and KPS, the radiomics nomogram, which is based on a Cox proportional hazards model, was analyzed. The overall workflow of the proposed method is shown in Figure 1.




Figure 1 | Overall workflow of the study.





Imaging Data Acquisition and Preprocessing

All 134 patients underwent four MRI modalities, i.e., T1C, T1, T2, and FLAIR sequence. The range of image acquisition parameters of the four MRI sequences is provided in Supplementary Material E1, section S1. The matrix size of all the MRI sequences was 128 × 128. Diverse parameters of different MRI sequences were used during image acquisition, which may have a great influence on three-dimensional (3D) analyses; thus, two-dimensional (2D) preprocessing was performed in this study. First, the four modalities of all subjects are co-registered to the same anatomical template. Next, the planar resolution of each modality was uniformly resampled to 128 × 128. Finally, since the TCGA-GBM database contains multisite data, the scanner model, pixel spacing, slice thickness, and contrast vary within the selected cohort. To consider these differences, all images were resampled to a common voxel resolution of 1 mm3, and intensities within each volume were normalized to the [0.1] range.



Multiregional Labeling

In order to obtain information about the survival of patients with GBM from multiple tissue types rather than a single tissue type (15), five different heterogeneous regions were drawn (Figure 2). Necrosis (NCR) and non-enhancing tumor (NET) region was defined as ROI A, enhancing tumor (ET) core was defined as ROI B, and edema area (ED) was defined as ROI C. Then, ROI D was generated by merging enhancing tumor region and the first ROI. ROI E was generated by adding edema region to ROI D. We also refer to tumor core (TC) as ROI D and whole tumor (WT) as ROI E. Finally, these five regional contours were respectively mapped to each MRI sequence for each patient.




Figure 2 | Labeling of the multiple heterogeneous regions.





Radiomics Feature Extraction and Radiomics Signature Construction Related to Survival Indicators

In order to extract high-throughput features, we obtained the original image, eight corresponding Wavelet-filtered images and five corresponding Laplacian of Gaussian (LoG) filtered in each MRI sequence. A total of 5,152 radiomics features were extracted for each patient. A detailed description of the feature extraction is provided in Supplementary Material E1, section S2. To reduce the dimension of radiomics features and find out the features that have high evaluation on the prognosis of GBM patients, the ANOVA and the LASSO regression algorithm was adopted to select the survival state-related features among the 5,152 radiomics features in the training cohort.

We use a one-way ANOVA to screen out the characteristics that are separately related to the three survival indicators and have significant differences. Then, LASSO logistic regression method was used to select the characteristics most related to the three survival indicators. LASSO is an effective regression analysis method to constrain the number of independent variables. It can perform feature selection and regularization in high-dimensional data to improve the prediction accuracy through penalty estimation function. The L1 penalty term is added to the ordinary linear model; for ordinary linear model, LASSO estimate is as follows:

	

Where t corresponds to λ one-to-one, which is the adjustment coefficient. If λ is large, it has no effect on the estimated regression parameters, but as λ decreases, the coefficients of most covariates shrink to zero. It makes the model easier to explain: when there are a large number of independent variables, several important independent variables can be found, and the information provided by these variables is the most important in the model.

With the adjustment of λ, the LASSO method can shrink all the coefficients toward zero and set the coefficients of uncorrelated features to zero. Then, 10-fold cross-validation with a maximum area under the curve (AUC) criterion was employed to find an optimal λ, where the final value of λ produces the maximum AUC. The non-zero coefficient is used to construct the regression model, and the corresponding non-zero coefficient is defined as the Rad-score. The fitting formula is generated using a linear combination of selected eigenvalues weighted by their Rad-score. The formula was then used to calculate the radiomics signature of each GBM patient to reflect his or her long-term or short-term survival.

	

Where pi (i.e., Rad-score) is the coefficient of the i-th characteristic, and vi is the i-th characteristic value of patients.



Construction and Assessment of the Radiomics Model With the Training Cohort

The radiomics signature and each clinical factor were first inserted into a Cox proportional hazards model to test whether they were significantly independent prognostic factors for survival stratification in the training cohort. The radiomics signature and significant clinical factors were then utilized to build the Cox proportional hazards model to discriminate the short- and long-term survival outcome of the GBM patients. For comparison, Cox proportional hazards models that used only the significant clinical factors were also established. Finally, based on Cox proportional hazards model, radiomics nomograms of the three survival indicators are respectively constructed, which can directly and individually indicate the probability of survival stratification in the training queue.

The discriminative ability of the radiomics nomogram was quantitatively measured using the C-index, which ranges from 0 to 1. The calibration curves were plotted using observed probabilities and the nomogram-estimated probabilities.



External Validation of the Radiomics Model on the Validation Cohort

The fitting formula that was constructed with the training cohort was applied to all GBM patients in the validation cohort, and the radiomics signature of each patient was calculated. The radiomics nomogram was then validated in this cohort using the radiomics signatures and clinical factors. Finally, the C-index was implemented to evaluate the model results for survival group stratification. Moreover, the calibration curve and the Kaplan–Meier survival curve were also constructed.



Clinical Utility of the Radiomics Model

To estimate the clinical utility of the radiomics nomogram, decision curve analysis (DCA) was performed by calculating the net benefits at different threshold probabilities in the combined training and validation cohorts.



Statistical Analysis

In this study, either Student’s t tests or Mann–Whitney U tests were applied to confirm whether intergroup differences in continuous variables (such as age) existed between the short- and long-term survival groups. Either chi-square tests or Fisher’s exact tests were performed on the remaining categorical characteristics to determine whether the constituent ratios differed significantly between the groups. All statistical analyses were performed with R software version 3.6.1 (R Foundation for Statistical Computing; http://www.R-project.org, 2019) using basic statistical functions or additional packages. The following R packages were used: the glmnet package was used for the LASSO logistic regression, the rms package was used for the nomograms and calibration curves, the Hmisc package was used for the comparisons between the C-indices, and the rmda package was used to implement the DCA.



Ethics Statement

Ethical review and approval were not required for the study on human participants in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.




Results


Clinical Characteristics of the Patients

The cohort of 40 patients ranged in age from 17 to 84 years with a median OS of 359.5 days, PFS of 195 days, and DSS of 376 days. The clinical characteristics and corresponding results of the statistical analyses comparing the long- and short-term survival groups of OS, PFS, and DSS are summarized in Table 1.


Table 1 | Characteristics of patients in the training and validation cohorts for OS, PFS, and DSS.





LASSO Feature Selection and Radiomics Signature Construction

To determine the optimal regulation weight λ for the LASSO algorithm, features with non-zero coefficients for survival stratification were selected by 10-fold cross-validation from the 5,152 radiomics features. The illustration of feature selection using the LASSO algorithm is provided in Supplementary Material E1, section S3. A detailed description of the selected non-zero-coefficient features is provided in Supplementary Material E1, section S4.

The radiomics signatures for each GBM patient in the training and validation cohorts are presented in Figure 3. The prognostic label represented by the x-axis can clearly distinguish the survival status of GBM patients. That is, the patients with long-term survival generally displayed a significantly higher radiomics signature than the patients with short-term survival in both the training and validation cohorts.




Figure 3 | Radiomics signature for each patient in the (A, C, E) training cohort and (B, D, F) validation cohort. The red bars show the radiomics signature values for the patients with short-term survival (OS, PFS, DFS), and the blue bars show the values for those with long-term survival. DSS, disease-specific survival; OS, overall survival; PFS, progression-free survival.





Non-Zero-Coefficient Features Analysis

As mentioned above, according to different ROIs and survival endpoints, the radiomics features with non-zero coefficients corresponding to multiregion MRI and three survival periods are selected by LASSO algorithm. The number of different features extracted from each survival indicator and each region is also distinct. According to Figure 4, for different survival indicators and different ROIs, the number of non-zero-coefficient radiomics features is inconsistent. As for OS, ROI B has the largest number of features (30 features). For PFS, ROI C has the largest number of features (31 features). Finally, for DSS, ROI A and ROI D have the most features (30 features).




Figure 4 | The number of radiomics features corresponding to different ROI and survival time. DSS, disease-specific survival; OS, overall survival; PFS, progression-free survival; ROI, region of interest.



In addition, selected features from different MRI sequences have different coefficients, which can be seen as the importance of one for survival stratification. The results show that T1 sequence and FLAIR sequence account for more than the other sequences. A detailed description of the selected non-zero-coefficient features is provided in Supplementary Material E1, section S4.



The Evaluation of the Radiomics Signature and/or Clinical Risk Factors

The radiomics signature, age, gender, and KPS were identified as independent predictors of survival stratification in GBM patients. The Cox proportional hazards model was applied based on three clinical predictors and/or the radiomics signature. According to Table 2, the C-index that resulted from the combined use of the radiomics signature and three clinical predictors for survival stratification was increased significantly for each item in both training cohort and validation cohort.


Table 2 | The Cox C-index of radiomics signature and clinical factors used for different clinical endpoints of glioblastoma patients in the training cohort and validation cohort.



In addition, it can be seen from Table 2 that tumor subregions have different manifestations in the three survival indicators in the validation set. For different heterogenous regions, the C-index of ROI B was 0.725 (95% CI, 0.590–0.859) for OS, higher than those of the other subregions. However, for PFS, the C-index of ROI C was 0.678 (95% CI, 0.540–0.814), and for DSS, the C-index (0.724, 95% CI, 0.594–0.854) of ROI A is the highest. Furthermore, the results on the whole dataset are shown in Supplementary Material E1, Section S7, for a more comprehensive assessment.



Radiomics Nomogram Construction and Validation

Based on the multivariate Cox regression, the radiomics nomogram that incorporated the radiomics signature and the three clinical factors was constructed (Figure 5). Figures 5A–C respectively represent the prediction models with the highest C-index of OS, PFS, and DSS for GBM patients. Figure 6 illustrates the calibration curve of the proposed nomogram based on the training cohort. Moreover, favorable calibrations (Figure 6) and Kaplan–Meier survival curves (Figure 7) confirmed the three optimal models (with the highest C-index) of the validation cohort. The Kaplan–Meier survival curves of the model corresponding to other subregions is shown in the Supplementary Material E1, section S5.




Figure 5 | Radiomics nomogram for the three survival indicator stratification of GBM patients. The shaded part indicates the distribution status and probability density of the patients. (A) Represents the OS_ROI B model, (B) PFS_ROI C model and (C) DSS_ROI A model. DSS, disease-specific survival; KPS, Karnofsky Performance Scale; OS, overall survival; PFS, progression-free survival; ROI, region of interest.






Figure 6 | The calibration curves of the radiomics nomogram in the training cohort (A, C, E) and validation cohort (B, D, F) of the three survival groups. The calibration curves depict the calibration of the nomogram in terms of the agreement between the predicted risk and the observed risk of survival. DSS, disease-specific survival; OS, overall survival; PFS, progression-free survival; ROI, region of interest.






Figure 7 | The Kaplan–Meier survival curve shows OS (A), PFS (B), and DSS (C) risk stratification for patients with the optimal models in the validation dataset. Patients were classified as low risk and high risk according to radiomics signature. DSS, disease-specific survival; OS, overall survival; PFS, progression-free survival; ROI, region of interest.





Clinical Utility of the Radiomics Nomogram

The decision curve for the radiomics nomogram indicates that the use of the radiomics nomogram (Figure 8) to stratify the survival of GBM patients was beneficial at all threshold probabilities in our study.




Figure 8 | Decision curve analysis (DCA) for the proposed radiomics nomogram, take OS_ROIB as an example. The y-axis represents the net benefit. The x-axis represents the threshold probability. The black line at the bottom represents the hypothesis that no patients had long-term survival. The blue line represents the hypothesis that all patients had long-term survival. The red line represents the net benefit of the radiomics nomogram at different threshold probabilities.






Discussion

This study investigated the prediction of multiple survival of GBM patients based on multiparametric MRI. The radiomics signature involving multiscale texture features, combined with clinical risk factors, could precisely predict the individualized probability of survival stratification for each GBM patient. The performance differs from GBM patients in OS, PFS, and DSS. Furthermore, different tumor subregions and different modalities of MRI play a significant role in the prognosis of GBM patients.


The Radiomics Signature Combined With MultiScale Texture Features Increased the Fit and Accuracy of the Model Significantly

In our study, the incremental value when adding the radiomics signature to the clinical factor-based nomogram was assessed. According to the C-index and Decision curves, the combination of the radiomics signature and clinical predictors demonstrated an enhanced stratification efficacy in both the training and validation cohorts of the three survival indicators. The results suggested that the radiomics signature was more robust than the traditional clinical risk factors, in accordance with many previous studies focusing on radiomics nomogram (16–19).

To develop the radiomics signature, more features are added from original and derived images. More features result from the features based on Wavelet transform and LoG transform and have coefficients of higher importance that influenced the radiomics signature model in terms of survival. Previous studies have shown that multiscale texture analyses of MRI based on feature extraction can automatically predict the survival time (OS and PFS) with a precision and speed beyond the scope of human visual analysis (10, 19, 20). For example, texture features based on gray-level co-occurrence matrix (GLCM) and LoG filter extracted from relative cerebral blood volume maps in contrast-enhancing and non-enhancing regions of GBM tumors were found to predict survival outcomes of GBM patients (21). As demonstrated in this study, more radiomic features need to be added to various survival predictions of GBM (19, 22).



The Distinct Performance for the Three Survival Endpoints of Glioblastoma Patients

In order to evaluate and predict the survival status of GBM patients comprehensively and systematically, we examined three different survival indicators: OS, PFS, and DSS, which are the appropriate clinical endpoints for GBM (4). Among the three outcome indicators in this study, OS is an important and commonly used clinical endpoint, with the advantage that it is convenient to record, because it is not difficult to confirm the date of death and there is minimal ambiguity in defining an OS event (23, 24). However, using OS as an endpoint may weaken a clinical study, as deaths because of non-cancer causes do not necessarily reflect tumor biology, aggressiveness, or responsiveness to therapy. DSS can respond to clinical benefits in a targeted manner, and its enhancement can well reflect the clinical benefits of specific diseases, and the deaths caused by specific diseases are reduced or increased. PFS increased node of “deterioration,” and “deterioration” is often earlier than death, so the follow-up time of PFS is often shorter than OS and DSS. In view of the relatively short clinical follow-up records of some patients, PFS is generally considered to be a better choice of clinical endpoint than OS and DSS (4). The improvement of PFS includes “no deterioration” and “no death,” which indirectly and directly reflect the clinical benefits. Some cancer-related prognostic studies have also shown that OS, PFS, and DSS are important survival indicators, which are closely related to the prediction of clinical benefits (25–29).

Our results showed that the OS and DSS results of GBM patients were relatively consistent, which may be due to the definition of DSS as death caused by a specific disease. And this study focused on glioblastoma multiforme and illustrated that GBM has fewer complications and high mortality. However, in the process of evaluating PFS, it is found that the result of PFS was biased. It is probably due to the large differences between individual patients and the greater changes in imaging characteristics for the progression of tumors. This finding is consistent with another previous study of GBM showing that the stratification of the PFS resulted in worse performance than OS (30).



Tumor Subregions Have Different Manifestations in the Three Survival Indicators

Our approach is based on comprehensive quantitative information from four different MRI sequences and six heterogeneous regions that enable a multiparametric three-dimensional characterization of the entire tumor. The selected radiomics features were from different heterogeneous regions and sequences of MRI. According to our research, the absolute values of coefficients obtained by the LASSO algorithm indicate the contribution of specific features for survival stratification.

Concerning different heterogeneous regions, the features from the enhancing tumor core (ROI B) contributed more to the OS stratification than did the features from other subregions. Most GBM prognosis-related studies indicated the association between poor prognosis and radiomics features from contrast-enhanced regions (22, 31). For PFS, our results show that ROI C has the highest C-index, which was the edema area. Some recent studies also revealed the role of features from peritumoral brain edema (3, 32). As for DSS, the C-index of region A is the highest, that is, NCR core and NET region. Previous studies have confirmed that the non-enhancement area of GBM patients is associated with their survival (9). Some recent studies also revealed the role of features from central NCR (17, 33). These results further suggested the role of information contained in non-contrast-enhanced subregions and sequences for GBM prognosis. Our study therefore suggests that subregions of GBM may complement disease stratification of patients with GBM and thereby potentially improve clinical.



Multiparametric MRI Contributed Differently to Predict Survival Stratification of Glioblastoma Patients

In addition, our results show that the selected features based on T1 sequence and FLAIR sequence account for more proportion (see Supplementary Material E1, section S4), which is also confirmed in previous studies (30). A comprehensive imaging–genomic analysis of human GBM by using quantitative MRI volumetrics and large-scale genetic and microRNA expression profiles demonstrated the potential for molecular subtyping based on FLAIR (or NER) signal intensity abnormality (34). In another study of high-grade gliomas, Pope et al. (35) analyzed 15 imaging variables obtained from T1-weighted MR images and showed that the presence of non-contrast-enhancing tumor was one of the three variables associated with OS.

In order to more concretely analyze the performance of single-modality and multiparameter MRI, we supplemented the comparison of their C-index of model obtained by each modality on the training set and validation set, respectively (see Supplementary Material E1, section S6). The experimental results show that the survival prediction model based on T1 or FLAIR sequence is indeed better than other single modality. However, the performance is not as good as that of multiparameter MRI. When comparing our results with those of older studies, it must be pointed out that radiomics analysis may reveal new insights into the underlying heterogeneity of cancers, driving a valuable prospect to noninvasively delve into GBM heterogeneity (32).



Several Limitations

Some limitations of this study need to be further investigated. First, the number of enrolled subjects is relatively small in our study, and 134 subjects in TCGA-GBM dataset were used, resulting in low robustness results. This is because we have adopted relatively strict exclusion criteria such as patients with incomplete OS, PFS, and DSS data will be excluded. However, to solve this problem, we use cross-validation in the training process of building the model, which makes our result generalizable to the population. Second, the 2D manual segmentation used in this study may induce bias about tumor slice selection and manual ROI delineation. Furthermore, Hainc et al. (36) have investigated that the variation of slices and ROI delineation method could affect the radiomics features. These findings could be the guidance for our future work. Finally, although with high efficiency and sparsity, LASSO regression method may be less stable when a large number of features were included in the model. Other feature selection methods should be investigated in the future work.

Imaging-related limitations may result from the limited through-plane resolution of the T2 and FLAIR data compared to the higher-resolution T1 data. As a result, the assessment of fine structural details in one of the three spatial dimensions on the FLAIR data was hampered by some degree of blurring.

In conclusion, this study provides reasonable evidence of radiomics based on multiparametric MRI in assessing OS, PFS, and DSS of GBM patients. The features based on diverse regions correlate significantly with GBM survival. Disparate MRI modalities and subregions can provide distinctive but supplemental information. Compared to several survival analysis studies of GBM patients (22, 30, 32), the focus of this study was on the proposed radiomics model, which integrated radiomics signature of heterogeneous regions and three clinical predictors, and can visually and individually estimate the probability of multiple survival stratification for each GBM patient, which suggests its great potential for clinical application. In the future, prognostic research on GBM could consider focusing on the tumor regions mentioned in this paper that have a significant impact on the three survival indicators.
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Purpose

This study aimed to develop and verify a multi-phase (MP) computed tomography (CT)-based radiomics nomogram to differentiate pancreatic serous cystic neoplasms (SCNs) from mucinous cystic neoplasms (MCNs), and to compare the diagnostic efficacy of radiomics models for different phases of CT scans.



Materials and Methods

A total of 170 patients who underwent surgical resection between January 2011 and December 2018, with pathologically confirmed pancreatic cystic neoplasms (SCN=115, MCN=55) were included in this single-center retrospective study. Radiomics features were extracted from plain scan (PS), arterial phase (AP), and venous phase (VP) CT scans. Algorithms were performed to identify the optimal features to build a radiomics signature (Radscore) for each phase. All features from these three phases were analyzed to develop the MP-Radscore. A combined model comprised the MP-Radscore and imaging features from which a nomogram was developed. The accuracy of the nomogram was evaluated using receiver operating characteristic (ROC) curves, calibration tests, and decision curve analysis.



Results

For each scan phase, 1218 features were extracted, and the optimal ones were selected to construct the PS-Radscore (11 features), AP-Radscore (11 features), and VP-Radscore (12 features). The MP-Radscore (14 features) achieved better performance based on ROC curve analysis than any single phase did [area under the curve (AUC), training cohort: MP-Radscore 0.89, PS-Radscore 0.78, AP-Radscore 0.83, VP-Radscore 0.85; validation cohort: MP-Radscore 0.88, PS-Radscore 0.77, AP-Radscore 0.83, VP-Radscore 0.84]. The combination nomogram performance was excellent, surpassing those of all other nomograms in both the training cohort (AUC, 0.91) and validation cohort (AUC, 0.90). The nomogram also performed well in the calibration and decision curve analyses.



Conclusions

Radiomics for arterial and venous single-phase models outperformed the plain scan model. The combination nomogram that incorporated the MP-Radscore, tumor location, and cystic number had the best discriminatory performance and showed excellent accuracy for differentiating SCN from MCN.





Keywords: pancreatic cystic neoplasm, radiomics, nomogram, contrast-enhanced computed tomography (CECT), texture analysis



Introduction

Pancreatic cystic neoplasms (PCNs) have been increasingly diagnosed in recent years as a direct result of the extensive use of abdominal cross-sectional imaging. The prevalence of incidentally discovered PCNs in the general population has been reported to range from 2.6 to 19.6% (1, 2). Considerable attention has been focused on serous cystic neoplasms (SCNs) and mucinous cystic neoplasms (MCNs) because of the significant difference in the probability of malignant transformation between the two (3). SCNs have an extremely low incidence of malignancy (4). The current management strategy for SCN is conservative, based on regular surveillance with rare interventions performed only because of symptoms (5, 6). MCNs are diagnosed almost exclusively in middle-aged women, but with a very definite potential for malignant transformation (7–9). In contrast to SCN, surgical resection has been advocated for many, if not most, MCN patients. Recognizing the marked difference in the risk of malignancy and the consequent nearly opposite clinical management strategies between these cystic neoplasms, it is vital to correctly discriminate between the two.

Currently, even the high-quality imaging modalities such as computed tomography (CT) and ultrasound do not provide adequate discrimination between SCN and MCN (10, 11). Clearly, radiological imaging approaches, especially multi-detector computed tomography (MDCT), play a pivotal role in the preoperative diagnosis of PCNs. It has been reported that the discrimination efficacy of CT for SCNs was ranged from 27 to 91% (12, 13). Compared with CT, MRI/magnetic resonance cholangiopancreatography (MRCP) could further improve the diagnostic accuracy of PCNs, with an accuracy of 40–95% (14, 15) providing a better view of the pancreatic duct system and allowing to detect the presence of a solid component or mural nodule. Endoscopic ultrasound with fine-needle aspiration (EUS-FNA) has become a promising tool for classifying specific subtypes of PCNs. Adding EUS-FNA to CT and MRI has improved the diagnostic accuracy by 36% and 54%, respectively (16). Balanced against these potential benefits is the invasive nature of EUS and the variable risk of FNA-associated complications (17). These limitations and the significant cost curtail their application for the routine evaluation of PCNs (18).

Radiomics is an emerging and rapidly developing method for advanced image analysis. Relative to PCNs, radiomics has been successfully applied to the entire spectrum of the disease process, including differential diagnosis, malignant assessment, and prognosis prediction (19–21). Most radiomics studies utilizing MDCT pancreatic scans have been limited to the venous phase (VP) for feature extraction. Clearly, the different phases reflect unique vascular enhancement and texture information. Logically, a radiomics model constructed from a plain scan (PS) or arterial phase (AP) scan would augment diagnostic efficiency. To the best of our knowledge, no prior studies have reported feature extraction of all three phases of contrast-enhanced CT to discriminate PCN subtypes.

Our aim was to compare the predictive efficacy of each single-phase radiomics model, and then to construct a combination nomogram, incorporating a multi-phase (MP) radiomics model with clinical imaging factors that would noninvasively and accurately discriminate SCNs from MCNs.



Materials and Methods


Patient Population

The Institutional Review Board of Huashan Hospital of Fudan University approved this retrospective study, and the requirement for informed consent was waived. Patients who were diagnosed with SCNs or MCNs for whom surgical resection was performed in our hospital between January 2011 and December were enrolled in this study. The inclusion criteria were: (1) SCNs or MCNs with surgical pathologic confirmation; (2) contrast-enhanced CT scans (slice thickness: 1.5 mm) performed within one month prior to pancreatic surgery. The exclusion criteria were: (1) CT images with serious artifacts and (2) patients whose radiomics features could not be successfully extracted from the CT images. The details of patient enrollment are shown in Figure S1 in Supplementary Materials. The final study group comprised 115 patients with SCNs and 55 with MCNs. Patients were randomly grouped in a ratio of 7:3, with 120 and 50 patients in the training and validation cohorts, respectively.

Patient demographic and clinical information was collected from the hospital medical record system. Demographic information (age and sex) and eight imaging factors known to be valuable in distinguishing SCNs from MCNs from previous studies were selected as the basis for constructing the clinical model (22, 23). Two radiologists with considerable experience in abdominal imaging (13 and 6 years, respectively) evaluated the features in consensus including: (1) lesion size, (2) tumor location (head, neck, body, and tail), (3) cyst number (single or multiple), (4) calcification (absent or present), (5) septation (absent or present), (6) lesion shape (oval or irregular lobulation), (7) wall enhancement (absent or present), and (8) mural nodules (absent or present). Both radiologists were blinded to the correlative pathological details. Among these, the lesion size was outlined and decided unanimously by two doctors simultaneously, while the other features were assessed by each doctor, and the results were derived separately. If the two radiologists did not agree on a specific feature in the same patient, a third expert with 23 years’ experience in abdominal radiology reviewed the features and helped establish the final decision. The inter-reader agreement of imaging factors was also assessed, as shown in Supplementary Materials (Table S1). The framework of the study is shown in Figure 1.




Figure 1 | Radiomics workflow.





Image Acquisition

CT examinations of all patients were performed using the same 256-slice CT system (Brilliance iCT, Philips Medical Systems, The Netherlands). All pancreatic CT images were acquired using a standard dual-phase scanning protocol. The CT scan parameters were as follows: 120 kV; 150–200 mAs; rotation time, 0.5-0.75 s; collimation, 128×0.625 mm; matrix, 512×512; and slice thickness, 1.5 mm. An anionic contrast agent (370 mgI/mL, Iopamidol-370, GEhealthcare, Princeton, NJ) was administered at a dose of 1.5 mL/kg, 3.0 mL/s. AP images were obtained 30 s after the injection of contrast agent, and VP images were obtained 45 s after the AP acquisition. All images were downloaded from the hospital archives.



Tumor Segmentation and Single-Phase Radiomics Feature Extraction

PS, AP, and VP CT images in each patient were used for feature extraction. The window width and window level were 300 and 40 HU, respectively. For each phase, one radiologist (13 years’ experience in abdominal imaging) segmented the lesion contour on each slice using open-source software (3D Slicer version 4.11.0; Boston, MA). With the technical support of a radiomics software based on Python (Pyradiomics version 3.0.0; https://github.com/Radiomics/pyradiomics) (24), radiomics features were extracted in three-dimensional volume for each phase. The extracted features were classified into six categories: (1) shape features, (2) first order statistics, (3) gray level co-occurrence matrix features, (4) gray-level run length matrix features, (5) gray-level size zone matrix features, and (6) gray-level dependence matrix features. Details of the features are provided in Supplementary Materials I.

To estimate both intra- and inter-observer reproducibility of extracted features, 60 patients were randomly chosen for a repeat region of interest (ROI) segmentation at 30 days following the initial segmentation, performed by the same radiologist and an additional one (with 6 years’ experience in abdominal imaging). The radiologists were blinded to the associated clinical and pathological information. The intra- and inter-class correlation coefficients (ICCs) were used to evaluate feature reliability (25).



Feature Selection, Single-Phase Radiomics Signature Construction, and Performance Comparison

In the training cohort, a three-step procedure was developed to select the radiomics features extracted in each phase. First, features with both intra- and inter-ICC less than 0.75, were excluded from this process. The mRMR method and the least absolute shrinkage and selection operator (LASSO) algorithm were used to select the most robust and optimal features to construct the single-phase radiomics model. The selected optimal features were then combined with its coefficient in the LASSO regression to construct the radiomics signature: Radscores (including PS-Radscore, AP-Radscore, VP-Radscore). The Mann-Whitney U test was used to evaluate the discrimination capability of the each-phase Radscore. We also used receiver operating characteristic (ROC) curve analysis and area under the curve (AUC) values to compare the performance of the single-phase radiomics signature. The detailed performance of each of the radiomics signatures is shown in Figure 2 and Supplementary Materials II. We also constructed and evaluated the two-phase combined radiomics model (Supplementary Materials III).




Figure 2 | Single-phase radiomics model performance in the training cohort (A) and validation cohort (B).





Combined Model Building and Nomogram Development

A MP radiomics feature set was developed by integrating all 3654 (1218*3) features of the three phases. We then used the same three-step feature extraction method to obtain an MP radiomics signature, MP-Radscore. The discrimination capability of the MP radiomics model was also evaluated using the Mann-Whitney U test and ROC curve analysis. Univariate analysis was conducted to estimate the differences between SCN and MCN patients for each clinical and imaging feature. In the training cohort, variables with P < 0.100, in the univariate regression, were then allocated to a multivariable logistic regression. The clinical model was constructed by incorporating factors with P < 0.100 in the multivariate analysis (26). Finally, a combination multivariate logistic model was constructed using MP-Radscores together with selected clinical imaging factors. Variance inflation factor (VIF) analysis was performed on the combination model to further reduce the probability of overfitting. The nomogram was developed to visualize the optimal model, specifically to score each patient and quantify the degree of disease tendency.



Model Validation and Clinical Use Evaluation

The combination model was first evaluated in the training cohort (n = 120) and subsequently confirmed in the validation cohort (n = 50). ROC curves and AUC values were used to evaluate the discriminatory performance of the combined models. Calibration curves and the Hosmer-Lemeshow test were conducted to estimate the consistency between the predictive results of the combination model and expected probabilities. We also used the Delong test to compare the predictive efficiency between the combination model and the venous radiomics approach to confirm the advances of our combination model.

Decision curve analysis (DCA) was performed to determine the clinical value of the nomogram and calculate the net benefits of the models at different threshold probabilities (27).



Statistical Analysis

Continuous variables are presented as means and standard deviations. Student’s t-test and chi-square test were employed to evaluate the statistical differences in continuous and discrete variables, respectively. In the ROC test, accuracy, sensitivity, and specificity at the cutoff value were calculated to evaluate the efficiency of the radiomics model, clinical model, and the combination model. The inter-reader agreement of imaging factors was assessed using the kappa test, and the simple kappa coefficient was used as an assessment criterion for consistency. A two-tailed P value less than 0.05, was deemed as statistically significant. All statistical analyses were performed using the R software (version 3.6.3). The R packages and the main code used are included in Supplementary Materials V.




Results


Patients Characteristics

Patient characteristics are summarized in Table 1. There were 120 patients (SCN: 81, MCN: 39) in the training cohort and 50 (SCN: 34, MCN: 16) in the validation cohort. No significant differences were found in the clinical and imaging features between the two cohorts.


Table 1 | Characteristics of Patients in the Training and Validation Cohorts.





Feature Selection, Single-Phase Radiomics Signature Construction, and Performance Comparison

From each phase of contrast-enhanced CT scans, 1218 features were extracted. After ICC assessment applying the minimum criteria for intra- or inter-ICC values, 0.75, 765, 922, and 840 features remained from the PS, AP, and VP CT images, respectively. Of these, 30 features from each phase were retained using the mRMR algorithm for LASSO regression. Finally, 11,11, and 12 radiomics features were selected to construct the radiomics signature for the radiomics model of PS, AP, and VP CT scans, respectively. Features were identified using multivariate logistic regression analysis to construct single-phase radiomics signatures (PS-Radscore, VP-Radscore, and AP-Radscore). The formulas for calculating the Radscores and features selected for the single-phase radiomics model are presented in Supplementary Materials II.

In all three single-phase Radscores, there was a significant difference between SCN and MCN patients in the training cohort (P < 0.010), and importantly, this was confirmed in the independent validation cohort (P < 0.010). The PS, AP, and VP radiomics models yielded AUC values of 0.78, 0.83, and 0.85, respectively, for the training cohort, and 0.77, 0.83, and 0.84, respectively, for the validation cohort. The AUC values in the radiomics model in AP and VP were similar and higher than those in the radiomics model of the plain scan. The performance of the single-phase radiomics model is shown in Figure 2.



Combined Model Building and Nomogram Development

Using the three-step selection process described above for single-phase radiomics model construction, 14 features (including 2 in PS, 4 in AP, and 8 in VP) were similarly selected from the MP radiomics feature set (Figure 3). The MP-Radscore was built to improve the discrimination efficacy of the MP radiomics model. ROC curves showed that the MP radiomics model performed better than the models based on single CT phase (AUC: 0.89 and 0.88 in the training and validation cohorts, respectively). The performance of the MP radiomics model in the Mann-Whitney U test and ROC curves are shown in Figure 4. The detailed calculation formulas of the MP-Radscore and combined nomogram are included in Supplementary Materials IV.




Figure 3 | Features selected for multi-phase radiomics model construction.






Figure 4 | The box-dot plots of the multi-phase radiomics model in the training cohort (A) and the validation cohort (B). The orange markers indicate patients with MCN while the blue markers indicate patients with SCN. The ROC curves for the multi-phase radiomics model in the training cohort (C) and the validation cohort (D).



In the univariate analysis of the clinical model building, only tumor location and cyst number were significantly correlated with pathologic results (P < 0.100). Tumor location and cyst number were statistically significant (P < 0.100) in the multivariate logistic regression analysis, therefore comprising the clinical model. The results of the univariate and multivariate logistic regression analyses are shown in Table 2. The combination model was constructed by incorporating the MP-Radscore, tumor location, and cyst number. A nomogram was established to visualize the combined model (Figure 5A).


Table 2 | Variables Elected for Combined Model and Clinical Model.






Figure 5 | (A) The nomogram established for the combined model. ROC curves comparison between the nomogram and clinical model in the training (B) and validation cohorts (C).





Combination Model Validation and Clinical Use Evaluation

The combination nomogram exhibited best predictive performance (AUC: 0.91 and 0.90 in the training and validation cohorts, respectively) for the discrimination between SCNs and MCNs (Figures 5B, C and Table 3). The Delong test demonstrated statistical differences in AUC values between the combination nomogram and the clinical model (P < 0.010). Significant differences were also found in the ROC curves between the combination nomogram and VP model (Z = 1.962, P = 0.0497 < 0.0500) in the validation cohort. Calibration curves (Figure S6) revealed good agreement between the predictive and observation probabilities of our combination nomogram (P = 0.480 and 0.582 for the training and validation cohorts, respectively).


Table 3 | Diagnostic performance of models in the training and validation cohorts.



The decision curve analysis indicated that the combination nomogram provided a net benefit over either a “treat-all” or “treat-none” strategy, and the clinical model at a threshold probability over 10% (Figure 6). The combination nomogram demonstrated excellent clinical practicality.




Figure 6 | Decision curve analysis for the nomogram compared with clinical model in the validation cohort. It can be concluded that when the threshold probability is over 10% approximately, the nomogram could provide extra profit over the “treat-all” or “treat-none” scheme and the clinical model.






Discussion

In this retrospective study, we constructed and validated an MP CT-based radiomics nomogram to differentiate SCN from MCN. The combination model, incorporating the MP radiomics model plus clinical imaging factors, exhibited better diagnostic performance than any of the single-phase radiomics models or a clinical model alone did. The decision curve analysis also confirmed that the combination model achieved better discriminatory accuracy than the clinical model did. Relating specifically to the single-phase performance comparison, the radiomics model of the AP and the VP performed better than the PS model in terms of AUC values.

The exact morphologic details of MDCT are crucial to exclude tumor invasion of PCNs. Key imaging morphologic factors (tumor size, location, lesion shape, calcification, segmentation, etc.) derived from pathologic characteristics form the basis for radiologic differentiation of PCN subtypes (28, 29). Nevertheless, the diagnostic accuracy of cross-sectional imaging, such as MDCT, still falls short of ideal discrimination (30). Therefore, intrusive methods, such as EUS-FNA, have been developed to add diagnostic precision for preoperative PCN subtyping. Clearly, achieving this degree of accuracy requires highly skilled endoscopists and cytologists (31, 32).

Apart from the invasive techniques described above, radiomics offers a promising noninvasive technology intended to achieve similar results. We successfully established a combination radiomics model and achieved superior capacity to differentiate SCNs from MCNs. Among numerous clinical imaging factors, only cyst number and tumor location were statistically essential to be included in the combination model. Considering that the clinical and imaging features of PCNs pathologically diagnosed as SCN in the study were not consistent with typical SCN manifestations, we also analyzed and modeled these features. These results are consistent with a number of previous CT imaging studies. The differences in morphology that discriminate between SCNs and MCNs are limited to tumor location, lobular contour, and a large number of cysts (30, 33). The prediction accuracy of the clinical model alone was poor, with AUC values of only 0.69 and 0.63 in the training group and validation group, respectively. Even with high-quality CT scans interpreted by skilled radiologists, the accuracy of PCN subclassification remains disappointing.

A recent study assessed the discriminatory efficacy of conventional CT imaging features in distinguishing SCN from MCN and presented it by building a nomogram based on multivariate logistic regression (34). In contrast, our study not only considered conventional clinic-radiological features, but also incorporated radiomics features that reflected the deeper dimensional information of the images to construct a comprehensive model. The results showed that the combined model demonstrated better predictive ability than the clinical model alone. Several previous studies have applied radiomics to the differentiation of PCNs and have achieved good results (35, 36). However, further validation is required because of the limited amount of data (N < 80) and the high risk of overfitting. Moreover, a nomogram has not yet been established to visualize the radiomics model. Finally, they performed feature extraction almost uniquely on VP CT images. In the present study, in addition to VP CT scans, we also investigated the radiomics signatures on plain and AP CT images. The VP-Radscore AUC value was the best among the three single-phase radiomics models; similarly, the radiomics models of both the VP and AP had superior AUC values compared to those of the PS model. These results require verification, because they rely heavily on the experience of the radiologist performing manual segmentation (22). Interestingly, several radiomics studies have constructed radiomics models from only PS and have achieved good results in disease prediction (37, 38). The feature composition of the MP radiomics model included 8 features (57.1%) in the VP, 4 in the AP (28.6%), and only 2 (14.3%) in the PS. Our highest quantitative ranking of the VP is consistent with most previously published pancreatic radiomics research, while the PS was used less frequently. Therefore, this study is also significant in that it provides preliminary insight into the effect of contrast-enhanced CT scan phase on the predictive efficacy of imaging histology models and establishes a more comprehensive model to summarize various types of risk factors for prediction.

Our study has some limitations. First, this was a retrospective study that was conducted in a single center with a relatively small sample size. Large-scale external validation is needed to further demonstrate the clinical efficacy of the nomogram constructed here. Second, while our method of manual segmentation set the basis for excellent results, this was possible because of our relatively small number of cases. For widespread application of this technique, more research employing automatic or semi-automatic image segmentation is likely to be necessary. Third, the patients included in this study all had SCN or MCN confirmed using surgical pathology, and there may have been a selection bias. IPMN or other pancreatic cystic diseases need to be further studied to broaden the clinical application of this algorithm.

In conclusion, our study has established a novel multi-phase CT-based radiomics nomogram for a noninvasive preoperative differentiation of SCNs from MCNs. The nomogram could provide a reference basis for an accurate diagnosis, thereby avoiding unnecessary surgical resection in clinical practice. We also preliminarily explored the influence of specific feature extraction phases on the predictive efficacy of the radiomics model; the results may be enlightening to subsequent radiomics studies.
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Colorectal liver metastases (CRLM) have heterogenous histopathological and immunohistochemical phenotypes, which are associated with variable responses to treatment and outcomes. However, this information is usually only available after resection, and therefore of limited value in treatment planning. Improved techniques for in vivo disease assessment, which can characterise the variable tumour biology, would support further personalization of management strategies. Advanced imaging of CRLM including multiparametric MRI and functional imaging techniques have the potential to provide clinically-actionable phenotypic characterisation. This includes assessment of the tumour-liver interface, internal tumour components and treatment response. Advanced analysis techniques, including radiomics and machine learning now have a growing role in assessment of imaging, providing high-dimensional imaging feature extraction which can be linked to clinical relevant tumour phenotypes, such as a the Consensus Molecular Subtypes (CMS). In this review, we outline how imaging techniques could reproducibly characterize the histopathological features of CRLM, with several matched imaging and histology examples to illustrate these features, and discuss the oncological relevance of these features. Finally, we discuss the future challenges and opportunities of CRLM imaging, with a focus on the potential value of advanced analytics including radiomics and artificial intelligence, to help inform future research in this rapidly moving field.
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Introduction

Colorectal cancer (CRC) remains the second leading cause of cancer-related death in the developed world (1). Liver metastases are a major cause of death in patients with CRC and therefore optimising treatment of colorectal liver metastases (CRLM) is an important target for future research. Approximately 15% of patients will have synchronous liver metastases at initial diagnosis, with up to half developing liver metastases during their clinical course (2).

There are two main therapeutic strategies for CRLM. For those patients with polymetastatic disease, palliative systemic therapy is the mainstay of treatment. In patients with ‘oligometastatic’ disease (3), curative-intent surgical or image-guided treatment can be offered, often following neoadjuvant chemotherapy. Five-year survival rates following hepatic metastasectomy for CRLM are 28-49% (4), with some long-term survivors, in contrast to patients with polymetastatic disease who have a 1-year survival rate of approximately 55%, and 5-year survival rate of 3% (2). Historically, stricter surgical criteria have limited patient numbers proceeding to resection but, as evidence emerges that even patients with extensive disease derive benefit from local treatment (5), more patients are being offered treatment with curative intent. Selecting which patients who may benefit from radical treatment is an important challenge for clinicians, given that a significant proportion of patients undergoing metastasectomy suffer early relapse with incurable disease (4, 6). In the polymetastatic setting, multiple agents, including various cytotoxic regimens, targeted treatments and immunotherapies have transformed the options for patients without a curative option (7). Anticipating which agents will work optimally for each individual patient is critical, especially considering a counterintuitive response of patients to many of these therapies (8), which underlines the need for a more detailed assessment of colorectal metastases prior to commencing therapy.

The pathological literature describes the varied histopathological features of CRLM, both their internal architecture and their interface with the surrounding liver parenchyma (9, 10). Several histopathological and immunohistochemical phenotypes are associated with differential prognostic outcomes (10, 11). Unfortunately, histological phenotypic information is principally only available after resection, and is therefore of limited value in pretreatment prognostication, or when planning the neoadjuvant or polymetastatic treatment.

Improved techniques for in vivo disease assessment, which can characterise the variable tumour biology, would allow clinicians to plan personalized management strategies. Imaging already plays a central role in assessing the sites and burden of metastatic cancer both before and after treatment (12). Advanced imaging techniques, in particular multiparametric MRI (mpMRI) and functional imaging techniques, combined with novel image analysis techniques, have the potential to improve disease characterisation, and the advantage of being non-invasive, repeatable, and with the potential to assess all tumour sites.

In this narrative review, we outline how imaging techniques could reproducibly characterize the histopathological features of CRLM, with several matched imaging and histology examples to illustrate these features and discuss the oncological relevance of these features. We discuss the future opportunities and challenges of CRLM imaging, with a focus on the potential value of advanced analytics including radiomics and artificial intelligence, to help inform future research in this rapidly moving field. This review was informed by searching PubMed for relevant papers using search terms including ‘colorectal’, ‘liver metastas*’, ‘MRI’, ‘CT’, ‘PET’ and ‘imaging biomarker’ and a search of references.



Imaging of CRLM

Contrast enhanced CT (ceCT) is the mainstay of oncological imaging, and is the first line test for staging, surveillance and response assessment. Where there is diagnostic uncertainty, or precision about the number of metastases is crucial, mpMRI is the gold-standard technique for detecting and characterising focal liver lesions. Standard sequences include unenhanced T1- and T2-weighted sequences (including opposed-phase imaging), diffusion weighted imaging (DWI) and multiphase acquisitions following intravenous extracellular gadolinium chelate contrast media or liver-specific contrast agents. For CRLM, multiparametric liver MRI has superior per patient and per lesion sensitivity to CT (13, 14), and provides higher per lesion sensitivity than 18F-fluorodeoxyglucose-positron emission tomography/CT (FDG-PET/CT) (13). Additionally, it provides high quality anatomical information which is invaluable for treatment-planning. It is therefore recommended as part of routine imaging work-up for patients being staged prior to liver-directed therapy (15). 18F-fluorodeoxyglucose-positron emission tomography/CT (FDG-PET/CT) is often used in patients with CRLM to detect extrahepatic disease that would preclude a radical treatment approach (16).



Radiopathological Features of CRLM


Tumour Interface With Normal Liver

Arguably the most clinically-relevant histopathological feature amenable to evaluation by imaging is the interface between normal liver and tumour. Interface features could influence chemotherapy selection, in particular for antiangiogenic agents (17, 18), inform surgical approach (19) and improve risk stratification for recurrence and overall survival (20, 21). These features are also well covered in another recent review (22).

The growth pattern of CRLM has been subdivided into three patterns of interface with the liver parenchyma: ‘pushing’, ‘desmoplastic’ and ‘replacement’ (9). The ‘pushing’ pattern is characterized by direct abutment of tumour cells on the liver parenchyma, with expansile growth flattening the liver plates. The ‘desmoplastic’ interface (present in approximately 40%) is differentiated by a rim of desmoplastic, fibrotic stroma incorporating a lymphocytic infiltrate, numerous bile ducts and capillaries (Figure 1E). This classification includes the term ‘pseudo-encapsulated metastases’ and has been linked to improved outcomes compared with non-desmoplastic metastases (17, 18, 20, 21, 23). It has also been suggested a less aggressive surgical approach, with a narrower margin, can be attempted with desmoplastic lesions, thus sparing more normal liver (19). The ‘replacement’ growth pattern is characterised by intimate contact between tumour cells and hepatocytes with a preserved reticulin pattern within the tumour tissue. Growth of these lesions therefore appears to be via vascular co-option, rather than angiogenesis, which is supported by their proven poor response to anti-angiogenic agents (17, 18, 23).




Figure 1 | Matched imaging and histology of non-encapsulated (A–C) vs capsulated CRLM (A, D, E). Arterial phase gadolinium-enhanced T1 fat saturated MRI of a CRLM with early peripheral enhancement indicating compression of hepatocytes (arrows), (B). Portal venous gadolinium-enhanced T1 fat saturated MRI showing an absence of peripheral enhancement with isointensity to normal liver (arrows), (C). H&E staining (from (A, B) confirming no true capsule with peripheral compression of hepatocytes (arrows). (D). Portal venous phase gadolinium-enhanced T1 fat saturated MRI demonstrating clear peripheral enhancement of a fibrotic capsule (arrows), (E). H&E staining of the CRLM (from (D) confirming a true fibrotic capsule/desmoplastic interface (arrows).



There are several potential imaging correlates that could predict the presence of these patterns in vivo. The presence of a peripheral fibrotic capsule can be indicated by MRI (Figure 1D) (24–27), given typical MRI characteristics of fibrous tissue which is typically low T1 and T2 signal, and accumulates contrast on delayed contrast enhanced imaging (e.g. Figure 1). These features may reliably distinguish desmoplastic from other tumour types, although further research is required to establish the utility of this as a diagnostic tool.

Hepatocyte-specific contrast agents could also be useful in determining a ‘replacement’ growth pattern. This is similar to how microvascular invasion (MVI) can be identified with hepatocellular carcinoma (HCC) as reproducible hypoperfusion of liver parenchyma surrounding the tumour due to subtle tumour infiltration (28). However, this feature is currently untested in ‘replacement’ interface patterns of CRLM.



Vascular, Biliary, Lymphatic and Perineural Invasion

Vascular invasion is a common feature of colorectal cancer and its liver metastases. Intrahepatic portal venous invasion local to resected metastases occurs in approximately a quarter of cases (reported range 10-49%) and hepatic venous invasion in approximately one tenth of cases (reported range 5-24%) (10). Like primary colorectal cancer, venous invasion has been associated with poorer clinical outcomes (29). High resolution pelvic MRI has been shown to reliably identify extramural venous invasion of primary rectal cancer (30) and is now a useful prognostic marker. Similarly, although large vessel invasion is less common in CRLM, adjacent venous invasion can be similarly demonstrated (Figure 2).




Figure 2 | MRI examples of histologically confirmed CRLM with macroscopic vascular invasion. (A, B) Portal venous phase gadolinium-enhanced T1 fat saturated MRI shows CRLM lesions (asterisk) with a filling defect within a hepatic vein indicating macroscopic venous invasion (arrows).



Lymphatic invasion is a less common feature than venous invasion but has again been shown to be associated with poorer outcomes (31–33). Lymphatic vessels are smaller than the resolution of current imaging techniques, and therefore lymphatic invasion has not been reported to be directly accessible by MRI, although the presence of periportal, retroperitoneal or more distant lymphadenopathy may be a surrogate marker for this pathological feature. Neither biliary nor perineural invasion has been associated with adverse clinical outcomes (10) and there are no imaging studies correlating these features with MRI in CRLM.



Tumour Composition and Markers of Treatment Response


Features of Internal Composition

The internal composition of tumours differs, comprising variable proportions of tumour cells, fibrosis, necrotic material and, in some cases mucin and calcification. It is also influenced by adjuvant treatment (34, 35). These tumour components have typical MRI features (as shown in Table 1 and illustrated in Figure 3).


Table 1 | (See corresponding Figure 3).






Figure 3 | Imaging correlates of internal tumour composition. (A). T2 weighted non-enhanced MRI of a lesion displaying moderately high central T2 signal suggestive of central necrosis (asterisk) and surrounding viable tumour which is higher signal than normal liver (arrows), (B). H&E staining of this CRLM confirms peripheral viable tumour (arrows) with central liquefaction of the metastasis indicating classical Garland necrosis (asterisk), (C). Delayed phase gadolinium-enhanced T1 fat saturated MRI showing avid central delayed enhancement indicating fibrosis (asterisk) with surrounding viable tumour cells which enhance less than normal liver (arrows), (D). H&E staining of this CRLM confirming central fibrosis within the lesion (asteriks) and peripheral viable tumour cells (arrows), (E). T2 weighted sequence demonstrated homogenous high signal mucin (asterisk) (F). H&E staining confirming mucin containing metastasis (asterisk) (G). Delayed phase gadolinium-enhanced T1 fat saturated MRI showing centrally necrotic lesions (no delayed central enhancement, asteriks), (H). Delayed phase Gadolinium enhanced T1 fat saturated MRI showing late central enhancement indicating a centrally fibrotic lesion (asterisk) which contrasts with (G) (central necrosis).



Viable tumour cells contrast with normal liver on T1 and T2 weighted sequences (Table 1 and Figure 3A) and are generally hypoenhancing relative to background liver (Figures 3A, C, G) (26, 36–38). Necrosis is commonly found in chemo-naïve CRLMs, manifesting as T1 hyperintensity (differentiating it from other components) with variable enhancement, usually less than viable tumour and fibrosis (Figures 3A, B, G) (27, 40), with several histological subtypes recognised. CRLM often exhibit classical garland necrosis: areas of necrotic debris, sometimes referred to as ‘dirty’, ‘usual’ or intra-acinar necrosis, surrounded by a rim of viable tumour (Figures 3A, B) (27). Fibrosis demonstrates similar T1 and T2 signal characteristics to viable tumour, but typically has delayed gadolinium-enhancement (Figures 3C, D, H) (26, 42, 47) which differentiates it from tumour cells. Mucin is identified by pools of homogeneous high T2 and low T1 signal and absent enhancement (Figures 3E, F). Calcification characteristically presents signal voids on both T1 and T2-weighted sequences (Table 1) (36).

Defining the internal composition of metastases may help to categorise tumour biology and thus influence immunological and surgical strategy recently described Consensus Molecular Subtypes (CMS) of colorectal liver metastases (11), can be characterized by particular histopathological features and could be categorized by imaging. The molecular subtyping of liver metastases may be important even in patients when a resected primary tumour specimen is available, as significant discordance exists between primary and metastatic molecular subtypes (46, 48, 49). Within-patient heterogeneity is implicated as the root cause of a variable immunological response between primary and metastatic lesions (50, 51).

Pitroda et al. (11) have proposed three different CRLM subtypes [rather than the four classical colorectal molecular subtypes (52)]. They have identified a stromal metastasis subtype (with epithelial-mesenchymal transition and angiogenesis molecular signatures plus SMAD3 mutation association, subtype 3) which demonstrates significant baseline intratumoral fibrosis (11), in contrast to an immune-subtype (subtype 2) which demonstrates peritumoral lymphocyte infiltration and minimal intratumoural fibrosis (11). As outlined in Table 1, fibrosis is readily identified on MRI (27), whereas the degree of angiogenesis/microvascular density could be evaluated by Diffusion Weighted Imaging (DWI) and DCE-MRI enhancement (53–55). These imaging features are amenable to conventional visual, or radiomic derivation, and could provide a CMS prediction, and support personalised treatment. As yet, there have been no studies linking radiological imaging to CMS subtypes, although deep learning technologies have been applied to histological images to predict CMS subtypes and advanced imaging processing techniques (56), which are discussed in more detail below, have been used to classify other molecular features of CRLM.



Tumour Viability and Response

Chemotherapy and other systemic treatments, such as immunotherapy, are used in the palliative and neoadjuvant settings. Pre-treatment, proportions of viable and necrotic tumour occurs as a result of intralesional hypoxia and ischaemia as tumour growth outstrips angiogenesis or vascular co-option, and has not been found to be prognostically relevant (34, 57). However, markers suggesting reduction of viable tumour following treatment are useful indicators with a strong prognostic value (34, 57). Here imaging has an important advantage over histopathological assessment of CRLM; the ability to evaluate tumour response before and after treatment. Since the features of chemotherapy response, namely fibrosis and necrosis, are present in chemotherapy-naive metastases, evaluation of response without a baseline assessment becomes more challenging.

The method of histological tumour regression grading described by Rubbia-Brandt et al (34) is the most widely used for determining histological response to chemotherapy; it categorises tumour response according to the balance of fibrosis and residual tumour. This method has been adapted from response grading of other tumours such as rectal and oesophageal tumours (58). Imaging response evaluation using the widely adopted RECIST 1.1 criteria, is based on changes in overall lesion size without taking into account changes in tissue composition (59). This is a limitation of the RECIST 1.1 criteria as tumours can demonstrate a reduction in cellularity without a reduction in size (42) (e.g. Figures 4–6), and some tumours have a low proportion of viable tumour at the outset, limiting the reliability of RECIST assessment (60–62), and its prognostic value. A combined assessment of the viable tumour volume, using both lesion size and tissue characterization may improve treatment assessment, and is already used in tumours such as HCC (63). Ideally automated lesion segmentation, subsegmentation (64) and feature analysis would integrate this process into the imaging pathway.




Figure 4 | CRLM imaging features following excellent response to Chemotherapy. (A). Portal venous phase gadolinium-enhanced T1 fat saturated MRI showing decreased enhancement relative to liver (arrows), (B). Delayed phase MRI showing increased enhancement relative to liver (arrows), (C). H&E staining of this CRLM confirming almost complete fibrosis of the lesion indicating excellent chemotherapy response. '*' represents the metastasis of interest.



There is already evidence to support using morphological features to assess response of CRLM to chemotherapy. Lesion fibrosis, demonstrated as late gadolinium enhancement, which is the principle marker of response on pathological assessment, is a feature strongly linked to improved survival outcomes (Figure 4) (26, 42, 65). Similarly, CT/MRI morphological changes (illustrated in Figures 5 and 6) are better predictors of survival than RECIST [e.g (66–69)]. Adjuncts and alternatives to RECIST, including DWI and FDG-PET response evaluation have been investigated, but are not routinely deployed in clinical practice.




Figure 5 | Example of excellent morphological response post-chemotherapy. Both images were obtained using the same MRI scanner performed at 1.5T (GE HDX Twinspeed MR scanner; GE, Milkwaukee, WI) with an 8-channel torso coil. (A) T2 weighted MRI showing a poorly defined CRLM with high T2 region of mucin (asterisk). (B). Following neoadjuvant treatment, this lesion demonstrates no change in size but now has a well-defined margin and replacement of intermediate signal cellular tumour with mucin, indicative of a good morphological response (asterisk). There was a complete pathological response at resection.






Figure 6 | Excellent morphological response to chemotherapy. (A). Heterogenously enhancing CRLM on portal venous phase T1-weighted MRI (asterisk). (B), Post-chemotherapy MRI shows the lesion has become homogenous without a reduction in size, indicating a significant decrease in viable tumour cells.







Towards Comprehensive Imaging Characterization of CRLM: Opportunities and Challenges

The major benefit of imaging is the capacity to perform repeated, in vivo assessment of multisite disease, which is a particular advantage in the metastatic setting. In this article, we have described the basis for more complete morphological characterization of CRLM (22). A further strength of imaging is the potential to perform multiparametric imaging, including functional imaging techniques. Functional imaging allows physiological evaluation of tumours, and can aid determination of histological features, and support treatment selection and response. For example, assessment of angiogenesis and microvascular density is possible by diffusion weighted imaging (DWI) (53) and functional vascular assessment by DCE-MRI (54, 55). These techniques could also be used in identifying molecular subtypes of CRLM. Response to antiangiogenic treatment can be monitored with DCE-MRI (54, 70) and this can improve treatment stratification in clinical practice and trials.

Molecular imaging techniques, in particular PET/CT, can provide further functional assessments of CRLM. FDG-PET is well-established in oncological practice, and routinely acquired in staging oligometastatic CRC, principally for detecting disease that would be beyond the scope of local therapy. However, FDG-uptake can also be used as marker of hypoxia, and as a prognostic marker and for response evaluation (71). The potential applications for novel molecular agents to image specific disease features and process are diverse, with hypoxia imaging agents such as 18F-FMISO (72) and antibody-based imaging for CEA (73) are under investigation in the research setting.

However, despite the potential for multiparametric structural, functional and molecular imaging to provide a more comprehensive assessment of CRLM, there are limitations. While these techniques might be valuable, and are often integrated into trials, complex multimodality assessments are challenging in the clinical workflow, and reliably and repeatedly combining information from multiparametric imaging is difficult for human observers. A second major technical challenge to the use of imaging for assessing tissue features of CRLM is the achievable spatial resolution. For MRI, the in-plane spatial resolution is typically in the region of 1mm2. Although higher spatial resolutions can be achieved, an important feature of liver imaging is managing respiratory and, to a lesser extent, cardiac motion, which limits acquisition time and spatial resolution achievable in the upper abdomen. This issue is compounded through tissue features which can be substantially smaller than the imaging resolution, which may preclude accurate assessment of some features and place a limit on the achievable performance of imaging.

These two key challenges may be overcome by developments in image acquisition and analysis techniques. MRI acquisition will increasingly use computer-assisted techniques to decrease acquisition time and improve image resolution, for example through the use of ‘super-resolution’ techniques, which may improve the potential for tissue feature assessment by imaging (74). Secondly, improved motion correction and co-registration techniques can help overcome issues with between-acquisition motion (75).

The most promising opportunity within radiology is the incorporation of machine learning in image interpretation. Analysis of tumour features has historically relied on expert radiological assessment of imaging features. However, modern radiomic image analysis can be used to extract high-dimensional data from medical imaging (76), and machine learning techniques can be used for both automated segmentation (77) and feature analysis (78) to produce imaging biomarkers from medical imaging. These analysis strategies can more easily combine multiparametric imaging than a human observer, will remove observer variability, and can become an automated component of the image interpretation pipeline, which would be critical for clinical implementation in patient care.

Several key hurdles must be overcome before radiomics and machine learning becomes robust enough to influence patient care in daily clinical practice. Firstly, many radiomics and machine learning studies on CRLM have been conducted on relatively small datasets (42, 66, 76, 78). Studies conducted on small datasets therefore are at put a Radiomic algorithm at risk of ‘overfitting’ the data (creating an algorithm too specific to a limited pool of data), reducing the generalisability of the study findings (79, 80). The scientific community needs large annotated databases to derive and validate image analysis tools, however the practicality and ethics of sharing scans across multiple institutions, acquired through different and evolving techniques, is an ongoing challenge (79). Aside from acquiring larger, accurately labelled datasets, development of advanced radiomic techniques hold promise for minimising this issue (including various unsupervised clustering methods), but they are unlikely to be the solution without improved sources of data (79, 81, 82).

Even assuming a robust algorithm and analysis platform is developed in the research setting, adapting them into a convenient final product for use in the routine clinical workflow is a further challenge. In addition, many radiomic techniques are time-consuming from an operator perspective with careful lesion contouring required (76, 81). Automated segmentation technologies and other assisted analysis tools will be crucial to ensure workflow ensure clinical adoption.

An important consideration for imaging biomarkers in cancer is the development of alternative techniques for in vivo tumour assessment, in particular circulating tumour biomarkers such as circulating tumour DNA (83). However, as these tissues do not allow spatial localization of tumours, it is likely, particularly in the metastatic setting, that imaging can provide complementary information, and the combination of technologies can offer a more comprehensive toolkit to accurately phenotype disease.



Conclusion

This review has highlighted the potential for advanced imaging to provide in vivo characterization of clinically relevant histopathological features of CRLM. We have outlined the imaging findings of these histopathological features, focusing on the tumour-liver interface, intralesional component analysis, and morphological response assessment following systemic or liver-directed treatment. In vivo assessment of the tumour-liver interface has the potential to play and important role in defining the surgical approach and chemotherapy selection. As well as improving our characterisation of response to chemotherapy, imaging analysis of internal tumour components could play an increasingly important role as predictors of CRLM molecular subtypes. However, in the absence of studies providing robust validation of imaging techniques to report these features in practice, our assessment of CRLM by imaging is limited to documenting their size, number and location.

Advanced analysis methods, such as radiomics and machine learning, will be crucial tools in developing and validating novel imaging biomarkers for CRLM. However, these rely on curated and annotated datasets of sufficient size to build reliable algorithms, which is likely to require the cross-institutional collaborations that have been achieved in pathology and molecular biology.
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To investigate whether the maximum standardized uptake value (SUVmax) of 18F-deoxyglucose (FDG) PET imaging can increase the diagnostic efficiency of CT radiomics-based prediction model in differentiating benign and malignant pulmonary ground-glass nodules (GGNs). We retrospectively collected 190 GGNs from 165 patients who underwent 18F-FDG PET/CT examination from January 2012 to March 2020. Propensity score matching (PSM) was performed to select GGNs with similar baseline characteristics. LIFEx software was used to extract 49 CT radiomic features, and the least absolute shrinkage and selection operator (LASSO) algorithm was used to select parameters and establish the Rad-score. Logistic regression analysis was performed combined with semantic features to construct a CT radiomics model, which was combined with SUVmax to establish the PET + CT radiomics model. Receiver operating characteristic (ROC) was used to compare the diagnostic efficacy of different models. After PSM at 1:4, 190 GGNs were divided into benign group (n = 23) and adenocarcinoma group (n = 92). After texture analysis, the Rad-score with three CT texture features was constructed for each nodule. Compared with the Rad-score and CT radiomics model (AUC: 0.704 (95%CI: 0.562-0.845) and 0.908 (95%CI: 0.842-0.975), respectively), PET + CT radiomics model had the best diagnostic efficiency (AUC: 0.940, 95%CI: 0.889-0.990), and there was significant difference between each two of them (P = 0.001-0.030). SUVmax can effectively improve CT radiomics model performance in the differential diagnosis of benign and malignant GGNs. PET + CT radiomics might become a noninvasive and reliable method for differentiating of GGNs.
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Introduction

Lung cancer is the leading cause of cancer-related deaths worldwide, especially in China (1, 2). The incidence of lung cancer is increasing rapidly. It is predicted that China’s lung cancer mortality will increase by about 40% from 2015 to 2030 (1, 2). Early diagnosis and treatment are crucial for improving the prognosis of patients. With the significant increase in the detection of many asymptomatic pulmonary nodules and the change in the epidemiological trend of lung cancer in China, diagnosis, and differentiation of ground-glass pulmonary nodules (GGNs) has become a huge challenge for clinicians (3). It is reported that the probability of malignancy of GGNs is higher than that of solid pulmonary nodules (4), but it can also be caused by benign lesions such as organizing pneumonia and interstitial pneumonia. High-resolution computed tomography (HRCT) is generally recognized as a routine method for differentiating GGNs. However, the radiological features of benign and malignant GGNs are overlapping, and the judgment of the characteristics of the lesion is easily to be affected by subjective factors. Therefore, the diagnostic efficiency of HRCT needs to be improved (5). According to the recommendation of guidelines for Management of Incidental Pulmonary Nodules Detected on CT Images, pulmonary GGNs that cannot be characterized can be further identified by CT follow-up to observe the dynamic changes of GGNs (6). However, some benign GGNs and early lung adenocarcinoma remain stable for a long time, making it difficult to differentiate them (7). Moreover, long-term follow-up often brings panic and anxiety to patients. Pathological examination is the gold standard for the diagnosis of GGNs. However, the cell composition of GGN is relatively small, which requires a highly skillful puncture technique for pathological examination that is difficult to perform. Thus, bronchoscopy and percutaneous lung puncture techniques have limited application value in GGNs. Therefore, it is urgent to develop a reliable and practical noninvasive imaging method to accurately distinguish benign and malignant GGNs to guide the individualized clinical management strategy for GGNs.

Radiomics is a very promising diagnostic method. With the help of mathematical and statistical methods, high-throughput characteristic spatial data can be extracted from the image data of the region of interest, and valuable lesion information that the naked eye may ignore can be effectively captured to improve the accuracy of disease diagnosis (8–10). Radiomics has the advantages of real-time, objective, noninvasive, and reusability. Previous studies have shown that CT texture features are potentially radiological biomarkers in the differential diagnosis of lung cancer (11, 12), the prediction of tumor growth (13), gene expression (14), and the evaluation of therapeutic efficacy (9, 15). Most of these studies are based on solid pulmonary nodules, and there are few reports on the differentiation of benign and malignant GGNs. Theoretically, inflammatory lesions and malignant tumors have completely different biological behaviors, pathological processes, and internal spatial structures. Therefore, radiomics that is based on multi-dimensional characteristics can identify malignant lesions from benign GGNs. Digumarthy et al. (16) differentiated benign and malignant lesions in 108 GGNs obtained from 36 patients and found that only 2/92 radiomic features (cluster shade and surface volume ratio) could be used for model prediction, with AUC=0.624, which is of diagnostic value, but its diagnostic efficacy needs to be improved. It has been reported that the model with the combination of radiomics and semantic parameters can improve the performance of radiomics model alone (17). Besides, PET/CT imaging, as noninvasive dual-modality imaging that reflects tumor heterogeneity, has been recognized for its application in the field of lung cancer. Our previous studies also found that PET metabolic parameters help identify GGNs (18). Thus, we proposed that adding PET metabolic parameters (SUV) on the basis of CT radiomics model will be beneficial in the differentiation of benign and malignant GGNs.

The purpose of this study was to establish a dual-modality comprehensive prediction model based on CT texture parameters, semantic features, and PET metabolic parameters through analyzing the PET/CT images of patients with indeterminate lung GGNs who underwent 18F-FDG PET/CT examination before operation and to investigate whether the SUVmax can increase the diagnostic efficiency of CT radiomics-based prediction model in differentiating benign and malignant GGNs.



Materials and Methods


Research Objects

This was a single-center case-control study. We retrospectively selected patients who received 18F-FDG PET/CT examination in our hospital from January 2012 to March 2020 for indeterminate GGNs. The study was approved by the Institutional Ethics Committee, and no informed consent was required from the patients for retrospective study [approval No.: (2020) Science No. 075]. Inclusion criteria: patients with lung GGN; GGN ≤3 cm; patients who underwent PET/CT scan and breath-holding chest CT scan in our department; the lesions were resected within 1 month after PET/CT examination, and lung adenocarcinoma and benign lesions with complete postoperative pathological data. Exclusion criteria: lesions with poor quality images that affected the measurement; patients who received any anti-tumor treatment; lung cancer patients with stage IB or above; patients with fasting blood glucose level >11.1 mmol/L; patients with impaired liver function (serum alanine aminotransferase or aspartate aminotransferase exceeding five times the upper limit of the normal value).

The total number of GGNs that met the inclusion criteria was 190, belonging to 165 patients, including 53 males and 112 females, aged 60.8 ± 9.2 years (range 31-81 years). All GGNs were divided into a benign group (n = 23) and an adenocarcinoma group (n = 167) according to postoperative pathology [the pathological classification of adenocarcinoma group was based on the classification of lung adenocarcinoma published by IASLC/ATS/ERS in 2011 (19), and the staging of the lesion was based on the Eighth Edition of the TNM Classification of Lung Cancer published by the Union for International Cancer Control (UICC) in 2017 (20)]. The patient selection process is shown in Figure 1.




Figure 1 | Flow chart of the study. GGN = ground-glass nodule, PSM = propensity score matching.





PET/CT Examination

PET/CT imaging was performed using Siemens biograph mCT (64) PET/CT scanner. The examination procedure was as follows: After fasting for 4-6 h, the height and weight of the patients were measured, and fingertip blood was collected for the blood glucose test. The imaging agent 18F-FDG was injected intravenously into the back of the hand or elbow at a dose of (3.70-5.55) MBq/kg, and the images were collected after the patient rested of (60 ± 5) min. The patient was lying on the examination table supine, with both hands holding the head. Low-dose whole-body CT scanning was performed first from skull base to middle femur, and then whole-body PET scanning was applied with the same range at 2 min/bed. Each patient was scanned for about 6-7 beds. No respiratory gating device was used during image acquisition. Image reconstruction: TrueX + TOF (ultraHD-PET) with 2 iterations and 21 subsets, and Gaussian filtering with a full-width at half maximum of 2.0 mm; matrix (pixels) 200 × 200, zoom 1.00, the image acquisition mode was 3D. The image was evaluated using TrueD software (Siemens). CT data were used for attenuation correction of the PET images, and the corrected PET images were merged with CT images. TrueD software (Siemens) was used to display and analyze the images.



CT Examination and Image Reconstruction

After the whole-body PET/CT scan, the breath-holding chest CT scan was performed immediately, and the GGN site was reconstructed with thin slices. Acquisition and reconstruction conditions: The tube current was automatically adjusted according to the human body’s anatomical structure and tissue density. The tube voltage was 140 kV, the rotation time was 0.5 seconds, the pitch was 0.6, the kernel was B70f very sharp, the matrix was 512 × 512, the reconstruction layer thickness was 3.0 mm and 1.0 mm, the window width was 1200 HU, and the window level was -600 HU.



Clinical and Imaging Parameters

The clinical data collected included age, sex, smoking history, and fasting blood glucose level of the patients. The CT parameters included the number of GGN (solitary, multifocal), type of GGN (pGGN, mGGN), location (central, peripheral), shape (round/oval, irregular), margin (smooth, lobulated), abnormal bronchus sign, vacuole sign, pleural indentation sign, vascular convergence sign. PET parameter: SUVmax of nodules.



Texture Analysis and Feature Extraction

The patient’s chest CT images were exported from Siemens workstation in DICOM format and uploaded into LIFEx software (version 5.10, http://www.lifexsoft.org). Two experienced nuclear medicine doctors (Niu R and Shao X) manually delineated each target lesion, drew the region of interest (ROI) layer by layer along the lesion’s contour, and automatically calculated and extracted texture features for each GGN.



Statistical Analysis

First, the GGNs that met the inclusion criteria were matched with propensity score (PSM) according to benign to malignant ratio at 1:4. The PS variables were age, sex, smoking history, fasting blood glucose level, and GGN number grouping (Supplementary Table S1). The continuous variables with normal distribution were expressed as the mean ± standard deviation (SD), continuous variables with non-normal distribution were expressed as the median (Q1-Q3), and the categorical variables were expressed as frequency (%). T-test or Mann Whitney U test was used to compare continuous variable data between groups, chi-square test or Fisher test was used to compare categorical data between groups.

For texture feature selection, we first removed two parameters with intraclass correlation coefficients (ICCs) lower than 0.75. Next, the Mann Whitney U test was performed to screen the parameters between benign and adenocarcinoma groups (P-value was relaxed to 0.15). The best predictive features were selected using the least absolute shrinkage and selection operator (LASSO) algorithm and 10-fold cross-validation, and the Rad-score of each GGN was calculated. Multivariable logistic regression analysis was carried out to construct the joint model using Rad-score, CT conventional morphological parameters (semantic features), and PET parameters (SUVmax) with different CT reconstruction slice thickness. The receiver operating characteristic (ROC) curve was prepared for each model, and the area under the curve (AUC) was calculated. The bootstrap resampling method (times = 500) (21) recommended by the TRIPOD statement was used to internally verify the model and calculate 95% confidence interval (CI) of AUC. Delong test was used to compare whether the differences in effectiveness between the models were statistically significant (P <0.05), and the nomogram of the model was generated. All statistical analyses were performed using R software, version 3.4.3 (http://www.R-project.org; software package: glmnet, pROC, rms, dca.R).




Results


General Data

After PSM at a ratio of 1:4, 190 GGNs were divided into benign and adenocarcinoma groups. There were 23 GGNs in benign group (including 3 organizing pneumonia, 4 fungal infections, 1 interstitial pneumonia, 5 granulomatous inflammation, and 10 other benign lesions), and 92 GGNs in adenocarcinoma group (including 77 invasive lung adenocarcinoma, 8 microinvasive adenocarcinoma, and 7 preinvasive lesions). The general data of GGNs before and after PSM is shown in Table 1. Comparing CT semantic features and SUVmax of GGNs after PSM, we found that only pleural indentation and SUVmax were significantly different between the benign and adenocarcinoma groups (P <0.001 and 0.024, respectively). There were no significant differences in nodule type, location, shape, margin, abnormal bronchus sign, vacuole sign, and vascular convergence between the benign group and adenocarcinoma group (all P >0.05) (Table 2).


Table 1 | General data of GGNs in benign group and adenocarcinoma group before and after PSM.




Table 2 | Comparison of CT semantic features and SUVmax of GGNs between benign group and adenocarcinoma group after PSM.





CT Texture Features Analysis

Through texture analysis, 49 features were obtained for each GGN (Supplementary Table S2). According to ICC analysis of two different readers, the ICCs of three texture features of 3 mm slice thickness CT images were lower than 0.75, including GLZLM_SZE, GLZLM_SZLGE, and GLZLM_ZP, indicating that these three texture features needed to be eliminated in subsequent analysis. In contrast, the ICCs of GGN texture features of 1 mm slice thickness CT images were all above 0.75 (Supplementary Table S3).



Comparison of CT Texture Features of Different Slice Thickness Between Benign Group and Adenocarcinoma Group

Comparing CT texture features of different layer thicknesses of GGNs between benign group and adenocarcinoma group, we found that there were 6 parameters (CONVENTIONAL_HUmin, GLRLM_LGRE, GLRLM_SRLGE, GLRLM_LRLGE, GLZLM_LGZE, and GLZLM_LZLGE) in the texture features of 3 mm slice thickness CT images that passed the primary screening (P = 0.064-0.149). There were 12 parameters in the texture features of 1 mm slice thickness CT images that passed the primary screening (P = 0.018-0.112), including HISTO_Kurtosis, HISTO_ExcessKurtosis, HISTO_Energy, GLCM_Homogeneity, GLRLM_SRE, GLRLM_LRE, GLRLM_LRLGE, GLRLM_RP, NGLDM_Contrast, GLZLM_SZE, GLZLM_LZE, and GLZLM_ZP (Supplementary Table S4).



Rad-Scores of CT Images With Different Slice Thickness

LASSO algorithm and 10-fold cross-validation were carried out to extract the best subset of CT radiomics features. For CT images of 3 mm slice thickness: Rad-score (3 mm) = −0.00198 × CONVENTIONAL_HUmin + 10.16317× GLRLM_LGRE + 66.97979 × GLRLM_SRLGE.

For CT images of 1 mm slice thickness: Rad-score (1 mm) = 11.21344 × GLRLM_LRE + 10.43443 × GLRLM_LRLGE - 0.7472 × NGLDM_Contrast.

ROC curve analysis showed that the AUC values of the Rad-score of the two reconstruction slices with different thickness were 0.634 (95%CI: 0.499-0.768) and 0.704 (95%CI: 0.562-0.845), respectively, with no significant difference between them (Z = 0.702, P = 0.483) (Supplementary Figures S1, S2). The diagnostic efficiency of the Rad-score of the two reconstruction slices is shown in Table 3.


Table 3 | Comparison of diagnostic efficiency of different models.





Rad-Score in Combination With CT Semantic Features to Construct CT Radiomics Model

Multivariable logistic regression analysis was performed to construct the CT radiomics models to predict the benign and malignant GGNs using semantic characteristic parameters of GGNs and the Rad-scores of CT with different slice thickness individually. The formula of CT radiomics model (3 mm) was as follows: CT radiomics model (3 mm) = −5.20333 + 1.16220 × (abnormal bronchus sign = 1) + 2.12571 × (pleural indentation sign =1) + 2.23666 × Rad-score (3 mm). The AUC value of the 3 mm CT radiomics model was 0.794 (95%CI: 0.704-0.884), which was significantly higher than that of Rad-score (3 mm) (Z = 2.232, P = 0.026) (Figure 2).




Figure 2 | Comparison of ROC curves between Rad-score and radiomics models with different CT reconstruction slice thickness.



The formula of CT radiomics model (1 mm) was as follows: CT radiomics model (1 mm) = −45.94109 + 3.06092 × (abnormal bronchus sign = 1) + 3.33342 × (pleural indentation sign = 1) + 3.89642 × Rad-score (1 mm). The AUC value of the model was 0.908 (95%CI: 0.842-0.975), which was significantly higher than that of Rad-score (1 mm) (0.704) (Z = 2.769, P = 0.006) and CT radiomics model (3 mm) (0.794) (Z = 1.998, P = 0.046) (Figure 2). The diagnostic efficiency of different models is shown in Table 3.



Construction of PET + CT Radiomics Model

Furthermore, based on the CT radiomics model (1 mm) and combined with SUVmax in PET parameters, a dual-modality prediction model (PET + CT radiomics model) was established to predict the benign and malignant GGNs. The formula was as follows: PET + CT radiomics model = −89.87509 + 7.01593 × (abnormal bronchus sign = 1) + 5.03616 × (pleural indentation sign = 1) +7.74753 × Rad-score (1 mm) − 0.84485 × SUVmax. The AUC of this radiomics model was 0.940 (95%CI: 0.889-0.990), and the nomogram of the model as shown in Figure 3A. Two examples of how to use the nomogram were showed in Figures 3B–E.




Figure 3 | The nomogram of PET + CT radiomics model for differentiating benign and malignant GGNs and two examples. (A) Nomogram of PET + CT radiomics model. (B, C) A 31-year-old man with a ground-glass nodule (GGN) on the right upper lung lobe. CT image (B) and PET/CT fusion image (C) show that nodule with abnormal bronchus sign (27 points), and no pleural indentation was identified (0 points). Rad-score (1 mm) was 10.7 (20 points), maximum standardized uptake value (SUVmax) was 8.1 (38 points). The total points were 85 points. The risk of adenocarcinoma for this nodule was < 10%. Postoperative pathologic findings indicated granuloma. (D, E) A 61-year-old man with GGN on the right upper lung lobe. CT image (D) and PET/CT fusion image (E) show that nodule with abnormal bronchus sign (27 points) and pleural indentation sign (23 points). Rad-score (1 mm) was 11.3 (38 points), SUVmax was 1.1 (71 points). The total points were 163 points. The risk of adenocarcinoma for this nodule was > 90%. Postoperative pathologic findings indicated invasive adenocarcinoma.



We compared the diagnostic efficiency of Rad-score of 1 mm CT, CT radiomics model, and PET + CT radiomics model in differentiating benign and malignant GGNs. The results showed that the AUC values of the three models were significantly different from each other, with Z = 2.174-3.304 and P = 0.001-0.030, and the PET + CT radiomics model had the highest diagnostic efficiency (Figure 4). The comparison of diagnostic efficiency of different models is shown in Table 3.




Figure 4 | Comparison of ROC curves of Rad-score, CT radiomics model, and PET + CT radiomics model of 1 mm CT.






Discussion

This study systematically analyzed the semantic features of suspected lung GGNs and 49 radiomics features extracted from each GGN and constructed a CT radiomics model with abnormal bronchus sign, pleural indentation sign, and Rad-score. This CT radiomics model had good differentiation efficiency in benign and malignant GGNs. We further added SUVmax to the CT radiomics model to construct the PET + CT radiomics model, which effectively improved the predictive value of CT radiomics model in differentiating benign and malignant GGNs.

After PSM, the proportion of pleural indentation sign in CT semantic features of adenocarcinoma group was significantly higher than that of benign GGNs. Pleural indentation sign refers to the pleural indentation caused by the traction of subpleural lesions on adjacent pleura, which mostly presents as linear or triangular shadow. Hu et al. reported that this sign is one of the common features of peripheral lung cancer (22). Although some semantic features play an important role in clinical application, they depend on the experience of radiologists or surgeons and their understanding of the signs, and thus they are easily affected by subjective factors. Previous literature also reported that single CT parameters, such as nodule margin characteristics, size, and CT value, have limited values in differentiating benign and malignant GGNs (23). Besides, in univariate comparison, we found that SUVmax of benign GGNs was higher than that of malignant GGNs, which is consistent with the findings of McDermott et al. (24) and Chun et al. (25). This may be because benign GGN is more common in tuberculosis, organizing pneumonia, and other inflammatory lesions. It is well known that SUV is a semi-quantitative parameter that reflects the uptake of 18F⁃FDG in the lesion. The increase of SUV value represents the increased uptake of glucose in the lesion, the strong proliferation and growth of cells, and the possibility of malignant tumor. However, 18F-FDG is not a tumor-specific imaging agent. The chemotaxis of inflammatory factors and the accumulation of inflammatory cells may also cause a significant increase in the uptake of FDG (26, 27). On the contrary, early lung adenocarcinoma manifesting as GGN showed lower density, slower growth, less expression of glucose transporter-1 (GLUT-1), less uptake of FDG, and lower SUVmax (28, 29).

This study found that the consistency of CT images 1 mm slice is better, whereas there are three parameters with greater variability in 3 mm CT texture features (including GLZLM_SZE GLZLM_SZLGE, and GLZLM_ZP). In the analysis of more than 100 PET texture features, Leijenaar et al. (30) also found that GLZLM feature-based parameters have the highest variability. In our study, we also found that the number and types of texture features of CT images that were significantly different between benign group and adenocarcinoma group were different with different slice thickness, which may be related to the different spatial information display of image details on CT images with different reconstruction slice thickness. Some scholars reported that applying different reconstruction software, parameter settings, and reconstruction methods can affect radiomics features extraction (31–33).

The Rad-score (3 mm) contains the traditional CT parameters, namely, CONVENTIONAL_HUmin and two GLRLM texture features. HUmin is the minimum CT value of VOI in lesions. The lower the HUmin value is, the higher the possibility of adenocarcinoma is. This may be because malignant GGN is more prone to exhibit vacuole signs than benign lesions. GLRLM was introduced by Galloway (34), which assesses the distribution of discretized grey levels on an image or a stack of images. It describes the roughness or smoothness of the image and reflects the heterogeneity of the tumor. In addition to GLRLM, Rad-score (1 mm) parameter NGLDM_Contrast was also used in the radiomics model. NGLDM_Contrast is the intensity difference between neighboring regions, which provides information about the spatial relationship between an image voxel and its neighboring voxels (35). The lower the NGLDM_Contrast, the higher the possibility of adenocarcinoma. It has been reported that NGLDM_Contrast is also an important prognostic factor for lung cancer, and poor prognosis is associated with low NGLDM_Contrast (36). Comparing the Rad-score between slices with different reconstruction thickness, we found that although the diagnostic efficiency of Rad-score (1 mm) was slightly higher than that of Rad-score (3 mm), there was no statistical difference, and the diagnostic efficiency of both Rad-score (1 mm) and Rad-score (3 mm) was moderate, which is similar to the finding of Digumarthy (15) (AUC = 0.624).

In this study, the diagnostic efficiency of the CT radiomics model was significantly better than that of Rad-score alone, which is consistent with Hyun et al. (37) and Bianconi et al. (38). Moreover, the thin slice CT radiomics model’s prediction efficiency is better than that of the 3 mm slice CT radiomics model, which agrees with the previous reports (31). This may be because a thin-slice CT image can improve the image’s spatial resolution and facilitate the display of confidential information of lesions. In the thin slice CT radiomics model, the abnormal bronchus sign is also an independent risk factor. Bronchus sign refers to the appearance of air containing bronchus in the lesion. When bronchus is dilated, distorted or cut-off truncated, it often indicates the possibility of malignant lesions. Thus, this sign is called an abnormal bronchus sign (39). Finally, compared with Rad-score and CT radiomics model, PET + CT radiomics model had the best diagnostic efficiency (AUC = 0.940). PET imaging parameters reflect the lesions’ functional and metabolic status, provide quantitative information at the molecular level, and complement CT’s anatomical images. The establishment of the dual-modality comprehensive PET/CT model helps evaluate the lesions at multiple levels.

There are still some limitations to this study. First of all, patients enrolled in this study were those who received preoperative PET/CT differential diagnosis and staging because of suspicious GGNs, and therefore the number of benign cases is small, which is the reason why we conducted PSM. In addition, there were many types of diseases in the benign group. This heterogeneity may affect the reliability of the model. The radiomics model constructed in this study may be only suitable for the differential diagnosis of GGNs that cannot be determined on CT but not for the screening of GGNs. Secondly, our previous study showed that LIFEx software has requirements for voxels, and it is not suitable for some small or low uptake GGNs. Therefore, we did not perform a PET texture analysis. PET radiomics needs to be further explored. Thirdly, we chose the manual segmentation method for ROI delineation, which is not as stable as the fully/semi-automatic segmentation method. In a future study, we may try to use the AI-based segmentation method to obtain image information. Fourth, although the PET + CT radiomics model has good internal validation performance, external data remain needed to confirm the robustness and applicability of this radiomics model.

In conclusion, in this study, we successfully constructed CT texture feature-based Rad-score, a CT radiomics model using Rad-score in combination with semantic features (abnormal bronchus sign and pleural indentation sign) and a PET + CT radiomics model using CT radiomics model in combination with SUVmax to differentiate early lung adenocarcinoma from benign lung GGNs and compared the differential diagnostic efficacy of these models. PET + CT radiomics model has the best risk prediction performance and might become a noninvasive and reliable diagnostic tool for differentiating benign and malignant GGNs.
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Objectives

Both radiomics and deep learning methods have shown great promise in predicting lesion malignancy in various image-based oncology studies. However, it is still unclear which method to choose for a specific clinical problem given the access to the same amount of training data. In this study, we try to compare the performance of a series of carefully selected conventional radiomics methods, end-to-end deep learning models, and deep-feature based radiomics pipelines for pulmonary nodule malignancy prediction on an open database that consists of 1297 manually delineated lung nodules.



Methods

Conventional radiomics analysis was conducted by extracting standard handcrafted features from target nodule images. Several end-to-end deep classifier networks, including VGG, ResNet, DenseNet, and EfficientNet were employed to identify lung nodule malignancy as well. In addition to the baseline implementations, we also investigated the importance of feature selection and class balancing, as well as separating the features learned in the nodule target region and the background/context region. By pooling the radiomics and deep features together in a hybrid feature set, we investigated the compatibility of these two sets with respect to malignancy prediction.



Results

The best baseline conventional radiomics model, deep learning model, and deep-feature based radiomics model achieved AUROC values (mean ± standard deviations) of 0.792 ± 0.025, 0.801 ± 0.018, and 0.817 ± 0.032, respectively through 5-fold cross-validation analyses. However, after trying out several optimization techniques, such as feature selection and data balancing, as well as adding context features, the corresponding best radiomics, end-to-end deep learning, and deep-feature based models achieved AUROC values of 0.921 ± 0.010, 0.824 ± 0.021, and 0.936 ± 0.011, respectively. We achieved the best prediction accuracy from the hybrid feature set (AUROC: 0.938 ± 0.010).



Conclusion

The end-to-end deep-learning model outperforms conventional radiomics out of the box without much fine-tuning. On the other hand, fine-tuning the models lead to significant improvements in the prediction performance where the conventional and deep-feature based radiomics models achieved comparable results. The hybrid radiomics method seems to be the most promising model for lung nodule malignancy prediction in this comparative study.
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Introduction

Lung cancer is notoriously aggressive and accounts for the leading cause of cancer-related death worldwide (1). Early diagnosis of asymptomatic lung cancer plays a vital role in treatment planning that can significantly improve the survival rate of lung cancer patients (2). The National Lung Screening Trial (NLST), a large-scale trial involving more than 50000 individuals, has reported that screening with Low Dose Computed Tomography (LDCT) scans will result in a 20% of reduction in lung cancer mortalities (3). Most lung cancers emerge from small malignant pulmonary nodules that refer to moderately well-marginated round opacities with the largest diameter less than 3cm (4). Although most solitary pulmonary nodules have benign causes, 30%–40% of such nodules are malignant (5). In clinical practice, expert radiologists visually examine the CT volumes on a slice-by-slice basis and subjectively determine the likelihood of nodule malignancy that often yields to relatively high inter/intra-observer variability of the interpretations. Moreover, highly similar visual characteristics shared among benign and malignant pulmonary nodules make this manual assessment task even more challenging (see Figure 1). Therefore, it would be beneficial to develop Computer-Aided Diagnosis (CAD) tools to capture latent characteristics of the pulmonary nodules in order to assist the radiologist with the task of benign-malignant lung nodule classification.




Figure 1 | Illustration of (A) benign and (B) malignant pulmonary nodules in chest LDCT scans. The manually identified nodules are highlighted with yellow contours. The examples show that benign and malignant pulmonary nodules present similar visual characteristics. The cropped patches around the nodules (context images) provide the relative location of the nodules with respect to nearby structures.



In the context of CAD tools, many semi/fully automatic pulmonary nodule classification methods have been proposed in the literature. Among all the recent proposed solutions, radiomics analysis (6–10), and deep learning-based methods (11–15) render the most promising results. Strictly speaking, radiomics analysis aims at building predictive models based on extracting handcrafted features from lung nodules. These radiological image-based features are designed to quantify the latent characteristics of the medical images that are imperceptible to human eyes. On the other hand, deep learning approaches such as Convolutional Neural Networks (CNNs) are trained with an end-to-end scheme to automatically translate the input images into corresponding class labels by adaptively learning deep abstract features in the consecutive convolutional layers.

It has been shown that factors such as nodules’ size and heterogeneities in the intensity and textures of nodules are strongly associated with nodule malignancy (16). Radiomic features are often designed to capture such critical features from the nodule structures. The extracted radiomic features from lung nodules were employed to train learning algorithms such as logistic regression (17), linear discriminant analysis (18), random forests (19), and support vector machines (20) for malignancy identification. It has been shown that radiomic textural features are able to quantify the intra-tumor heterogeneities that appeared in CT volumes (21). In this context, several studies have investigated the ability of the textural features such as Gray Level Co-occurrence Matrix (GLCM), Gray Level Run Length Matrix (GLRLM), and Gray Level Zone Length Matrix (GLZLM) to distinguish malignant lung nodules from benign ones (17, 18, 20, 22). In addition, shape-based features were employed to quantify the morphological characteristics of lung nodules with irregular appearance (23, 24). Although each of the radiomics family can capture specific characteristics, their combination could cover different nodule attributes, and several promising results for lung cancer prediction have been reported (25–29).

Gaining from large-scale training image data, CNN models provide a uniform framework for jointly learning the hierarchical representative features extracted directly from the images and classification weights (30). Numerous 2D and 3D CNN networks have been developed for lung nodule classification tasks which were trained with either cropped volumetric patches or 2D slices extracted from multiple views (15, 31, 32). To conquer the challenges of small-scale CT images and the small size of the lung nodules, an Agile-CNN model was proposed based on a hybrid setting of conventional AlexNet and LeNet networks and achieved competitive classification performance (33). To further improve the classification power, recent methods rely on ensemble learning in which multiple different deep learning models are developed, and their outcomes are integrated into a single classification model (34). In this context, Xu et al. (14) employed three shallow 3D networks trained with multi-scale cropped CT volumes to preserve contextual information. By further modifying the training procedure and objective function, they achieved a malignancy prediction score of 0.94 in terms of Area Under the Receiver Operating Characteristic Curve (AUROC) in an unbalanced dataset. To make the learned deep features interpretable, Lei et al. (15) developed a Soft Activation Mapping (SAM) to enable the analysis of fine-grained lung nodule features with a CNN model and then combined the high-level deep features with SAM to improve the classification accuracy to 0.99. Xie et al. (35) developed a semi-supervised adversarial classification model that consists of an unsupervised adversarial autoencoder network, a supervised classification network, and learnable transition layers to integrate both labeled and unlabeled CT volumes and achieved a classification accuracy of 0.92.

Both deep learning and radiomics have shown great potential to identify lung nodule malignancy in CT volumes and resulted in comparable performance in different datasets. However, there is a lack of conclusive evidence to support one type of method being better than the other. Most of the previous studies were done on relatively small datasets, which may not be considered a fair comparison as it is known that deep-learning based methods require a greater number of training images to achieve optimal performance. Also, many of those studies were performed on private datasets, which does not allow validation by other groups. This study aims to present an objective comparison among a series of carefully selected conventional radiomics methods, end-to-end deep learning models, and deep-feature based radiomics pipelines for pulmonary nodule malignancy prediction on an open database that consists of 1297 manually delineated lung nodules (both source code and annotation labels will be made publicly available upon acceptation). In addition to the prediction models, we also investigated the complementary role of the context region of lung nodules. Finally, a hybrid model was developed by pooling the extracted radiomic features and learned deep features to assess their compatibility with respect to nodule malignancy prediction. Finally, optimization steps such as feature selection methods and balancing the class labels were applied on radiomics, deep features, and their combination to improve the discrimination power.



Materials and Methods

The investigated models consist of three major components: a radiomics module, a deep learning module, and a hybrid module. The radiomics module incorporates the radiomics analysis starting with feature extraction, followed by feature engineering steps, and finally, building predictive models. The deep learning module consists of the development of a dual-pathway CNN model to predict nodule malignancy by simultaneously training nodule target and nodule context images. The deep learning module was investigated thoroughly in our previous research (36) on the same dataset; therefore, in the current study, we adopt the results of already examined models. Finally, the hybrid module represents the approach of pooling the radiomic features and deep features together.


Experimental Data

The Kaggle Data Science Bowl 2017 (37) contains a total number of 2101 clinical chest LDCT scans from which 1397, 198, and 506 subjects belong to the training, validation, and test sets, respectively. The objective of this challenge was to automatically predict lung cancer status; for that, each image was labeled as “1” if the patient was diagnosed with lung cancer within one year from the scan and “0” otherwise. The challenge organizer provided only the target labels of the training set at the patient level, and the validation/test labels are not accessible anymore as the challenge platform is closed. It should be noted that additional information, such as nodule segmentation masks, associated clinical data, and laboratory examinations, was not supplied.

In this study, out of 1397 training scans, 968 LDCT volumes were manually inspected by an expert radiologist, which led to the delineation of 1297 pulmonary nodules for further analyses. In addition to the segmentation masks, image patches that best cover each nodule context were cropped and extracted. For each nodule, visual radiological features including “cavitation with thick/thin wall”, “attached to the artery/fissure/pleura”, “calcification or fat content”, “dragging the pleura”, “spiculation” as well as “size >3cm” were extracted. Figure 1 in Supplementary Material indicates the distribution of the studied nodules.



Image Pre-Processing

Prior to radiomic feature extraction, all the cropped patches were preprocessed in three steps. First, original patches were resampled isotropically to a unified inner plane spacing as 0.2mm3 using a bicubic interpolation function. Then the intensity ranges were clamped to [-1000,500] in terms of Hounsfield Units. A further step was applied only for deep learning module analyses in which the image patch was rescaled by zero-padding the original sizes into 128×128×128 voxels followed by intensity normalization in the range of [0,1].



Radiomics Analysis

We adopted the radiomics descriptors to quantify the geometric, intensity, and textural characteristics of the nodules by extracting a total number of 1334 3D descriptors using the standard PyRadiomics package (38). Specifically, 14 geometric, 18 First-Order Statistics (FOS), and 70 Second-Order Statistics (SOS) features were extracted from the target nodules. In addition, FOS and SOS features were also extracted from multi-scale transformed nodules filtered with Wavelet and Laplacian of Gaussians (38) (Table 1 in Supplementary Material). The mentioned features were extracted from both target nodules and context images to capture intra-nodule characteristics as well as nodule context attributes (Figure 2- Radiomics Module).




Figure 2 | Graphical demonstration of the study pipeline. To predict lung nodule malignancy, three modules were studied. In the CNN module (red color), deep networks were trained with context and target nodule images separately and simultaneously. In the Radiomics module (blue color), handcrafted features were extracted from both target and context nodule images to train the learning algorithms. In the hybrid module (green color), extracted radiomic features were combined with learned deep features to form the hybrid sets.



As irrelevant or partially relevant features can adversely impact the classification performance, and in order to minimize the risk of overfitting, filter-based Feature Selection (FS) methods, as well as a wrapper FS method, were employed. In particular, filter-based FS algorithms include (1) Constant (CST): removing constant features; (2) Correlation (Corr): removing linearly related features; (3) Mutual Information (MI): removing nonlinearly related features; (4) RELevance in Estimating Features (RELIEF): estimating the quality of the features based on how well the features can distinguish the subjects that are close to each other; and (5) Least Absolute Shrinkage and Selection Operator (LASSO): applying coefficients to the features and shrink to zero those features which are less predictive (39). On the other hand, Forward Feature Selection (FFS) as a wrapper FS method was adopted to evaluate the performance of the learning algorithms in different combinations of feature subsets. In addition, Principal Component Analysis (PCA) was employed as well to transform the high-dimensional feature set into a lower dimension (26). The prediction power of the selected features was then evaluated with 8 different learning algorithms: Adaptive Boosting (Adab), Decision Tree (DT), Random Forest (RF), K-Nearest Neighbor (KNN), Support Vector Machines (SVM), Linear/Quadratic Discriminant Analysis (LDA/QDA), as well as Naïve Bayesian (Table 1).


Table 1 | The prediction power of the radiomic features extracted from target nodule images with different learning algorithms and feature selection methods over the balanced dataset.





End-to-End Deep Learning Model

In our previous study on the same dataset (36), we proposed a dual pathway network architecture to train both the nodule target images and nodule context images simultaneously in a unified network. This unified network consists of two convolutional pathways for representation learning, each followed by a few dense layers and a shared final dense layer. In other words, while the nodule target pathway is assumed to mainly learn the association between the intra-nodule representations and class labels, the role of the nodule context pathway is primarily to learn the correlations between the context information and the class labels. Therefore, having concatenated the learned features from each of the pathways in a last shared dense layer, the model is enforced to predict the class labels by adaptively learning the intra- and context-nodules attributes simultaneously. Different supervised models, including VGG (40), ResNet (41), DenseNet (42), EfficientNet (43), and a variational autoencoder (44) as an unsupervised model, were employed for the convolutional backbones. Moreover, the conventional single pathway models were trained with either nodule target or nodule context images separately to extract features from the corresponding regions. More details of the studied method can be found in (36).



Deep Feature Extraction

In addition to end-to-end training of the deep networks, the learned deep features from each network were extracted to train a separate learning algorithm. In specific, for the dual pathway models, 2048 deep features were extracted from the last but one dense layer representing the target and context nodule attributes. Moreover, with the same approach,1024 deep features were extracted from the single pathway networks for each of the nodule target and nodule context images. The extracted deep features were then analyzed by different learning algorithms. Experimentally, random forest was selected as the learning algorithm to train the extracted deep features after feature augmentation, as it consistently led to more stable results than the other classifiers (36).



Nodule Classification

Radiomic features and deep features were used separately to distinguish the benign nodules from malignant ones. In addition, the same task was done by combining the extracted deep features with radiomic features in a hybrid model. In particular, the extracted radiomic features from target nodule images were analyzed both independently and in combination with deep features learned from the target nodule images. Similar analyses were conducted by combining the features extracted and learned from the context nodule images. Finally, to examine how context and target nodule images would complement each other, the prediction power of a combination of target nodule features and context nodule features was investigated as well.

From 1297 studied lung nodules, 876 cases belong to the benign group, and 421 nodules are labeled as malignant. Such an unequal distribution of the class labels leads to a high bias toward the majority class and, in turn, degrades the prediction power of the learning algorithms and will result in poor prediction of the minority class. To tackle this issue, we employed Synthetic Minority Oversampling Technique (SMOTE) (45) to synthesize new samples from the minority class. In specific, SMOTE fits a hypercube among some instances in the feature space of malignant nodules to interpolate new samples. Balancing the dataset with SMOTE yields the generation of 455 new instances belong to the malignant nodule class, which increased the total number of studied data to 1752. All the analyses were performed with a 5-fold cross-validation fashion, and the performance of the model was assessed by using the Area Under the Receiver Operating Characteristic Curve (AUROC) metric calculated as averages of corresponding cross-validation folds. Finally, to test statistical significances between different experiments, a pairwise AUROC comparison method proposed by Delong et al. (46) was employed. Figure 2 shows a graphical illustration to visualize the feature analysis workflow for all the examined modules.




Results

In this section, the performance of the radiomic features for lung nodule malignancy prediction is presented and compared against the prediction power of deep learning models. In addition, the classification power of the hybrid feature pools is quantified as well.


Handcrafted Radiomics

Radiomics analysis was performed by using 1334 3D quantitative descriptors with and without feature selection methods over 8 distinct learning algorithms. The analyses were conducted over the original imbalanced dataset and augmented, balanced set as well. Comparing the results between the balanced (Tables 1–3) and imbalanced datasets (Tables 2–4 in Supplementary Material), one can observe that synthesizing new samples in the feature space from the minority class resulted in a remarkable improvement in classification performance. For instance, the prediction power of the Adab learning algorithm without any FS method before and after augmenting the data are AUROCunbalanced = 0.779 and AUROCbalanced = 0.889, respectively.


Table 2 | The prediction power of the radiomic features extracted from context nodule images with different learning algorithms and feature selection methods over the balanced dataset.




Table 3 | The prediction power of the joint context and target radiomic with different learning algorithms and feature selection methods over the balanced dataset.



In addition, comparing Tables 1, 2 reveals the fact that target nodule and context nodule images represent different nodule characteristics that carry distinct prediction powers. However, as can be seen in Table 3, combining the target nodule features with context features improved the accuracy and yielded the highest classification power in radiomics analyses. Among the employed learning algorithms, Adab method embedded on decision trees yielded the highest prediction power when feature selection methods were not applied. Comparing the performance of the models after applying different feature selection methods, one can infer that FFS method consistently improved the prediction power and outperformed other feature selections except the two cases of KNN and QDA. Accordingly, the highest predictive value of the target radiomics set was achieved from a subset of features selected with FFS and trained with Adab classifier (AUROC = 0.911), which accounts for an improvement of 2.2 percent from the same classifier but without feature selection. Similar behavior was observed in context radiomics where integrating FFS into the Adab classifier improved the discrimination power from 0.895 to 0.916. The classification accuracy was even more improved from 0.908 to 0.921 when the combination of context and target radiomics were analyzed with the same method.



End-to-End Deep Learning Models

Table 4 shows a summary of the best results achieved by the deep learning-based analyses, which were published in our previous study (36). The first column represents the prediction power achieved by end-to-end training of the networks on the imbalanced datasets. In other words, for each of the target nodule, context nodule, and their combined (dual-pathway) images, 5 different networks were trained, and the best performance for each nodule image type is reported in Table 4. Comparing the performance of the end-to-end deep networks trained with the target and context nodule images, one can infer that context features were more informative than target nodules. Furthermore, similar to radiomics, integrating the target and context nodule images into a unified network resulted in a slightly higher prediction power. In fact, the AUROC values of dual-pathway models outperformed each of the single pathway models trained with context and target images separately. These enhancements imply that the two distinct image types can become complementary. In other words, the combined features achieved the highest AUROC value by virtue of the joint use of context and target deep features that can adequately complement the intricate characterizations of shape, intensity, and textural heterogeneity of the nodules.


Table 4 | The prediction power of the deep learning-based analyses.





Deep Features

The last column of Table 4 indicates the results of the deep feature-based radiomics pipeline. Strictly speaking, after training the networks, the imbalanced learned deep features were extracted from one to last dense layer of each model and augmented after applying the SMOTE algorithm. The balanced deep features were then used to train an RF model. More details over the deep feature analyses and the effects of employed different optimization techniques on the prediction powers of deep features were examined and reported in our previous study (36).

Comparing the first column of Table 4 with Tables 2–4 in Supplementary Material indicates that end-to-end training the deep classifiers with the unbalanced dataset could predict the class labels of the lung nodules more accurately than radiomics analyses over the imbalanced feature set without applying the FS methods. For instance, while integrating the imbalanced target and context radiomic features led to achieving an AUROC of 0.773 with the RF learning algorithm, end-to-end training a dual-pathway model resulted in an AUROC value of 0.824 that accounts for 5.1% of improvement. Besides, significant improvements were achieved when the extracted deep features were employed in a radiomics-based pipeline. Specifically, applying the SMOTE algorithm to the unbalanced extracted deep features could successfully boost the discrimination power of the RF model by up to 12.1% (AUROCcontext-imbalanced = 0.806 vs. AUROCcontext-balanced = 0.927). In addition, balancing the deep features seems to be more constructive than balancing the radiomic features in terms of discrimination power. In particular, AUROC values achieved by the RF model on balanced deep features outperformed the performance of the RF model trained with balanced radiomic features with rather significant margins. (AUROCtarget: 0.906 vs. 0.891, AUROCcontext: 0.927 vs. 0.901; and AUROCcombined: 0.936 vs. 0.910).



Hybrid Feature Analysis

To investigate whether the learned deep features would complement radiomics descriptors, a hybrid model was developed by pooling the radiomics and deep features into a mixture set. Accordingly, for each of the target, context, and combined radiomics pools, corresponding learned features from single-pathways and dual pathway deep networks were merged for both the raw features and augmented features (see Figure 3). It should be noted that assessing the capability of hybrid feature pools was performed by employing the Adab learning algorithm integrated with the FFS method because the highest prediction performance of the radiomics was achieved by this method. The results show that incorporating the imbalanced deep features into imbalanced radiomics could slightly improve the performance of imbalanced radiomics alone by up to 1.9% (AUROCradiomics_combined: 0.774 vs. AUROChybrid_combined: 0.793 vs. 0.891). However, this combination was not led to enriching the performance of the end-to-end deep learning methods. On the other hand, noticeable improvements were observed in the performance of the hybrid models after augmenting both the radiomics and deep features. In particular, merging the balanced deep features with balanced radiomics not only successfully improved the prediction power of radiomics alone but also slightly enhanced the performance of deep features as well. These improvements were observed for both target and context nodule images. In addition, the balanced hybrid feature pools of combined target and context features resulted in an AUROC value of 0.929, which is superior to the combined radiomic features alone with an AUROC value of 0.921. Besides, even with the hybrid model, context pools were more representative than the target pools, which is in line with both the radiomics and deep feature pools individually. Last but not least, the best prediction accuracy (AUROC=0.938) among all the analyses was achieved by a hybrid model in which the balanced context radiomics merged with the balanced deep features learned from context images which point to the complementary role of context radiomics and context deep features. Table 8 in Supplementary Material indicates the pairwise statistical comparison between radiomic features and deep features. Finally, Table 9 in Supplementary Material shows the same statistical assessment between target, context, and combined feature sets in the hybrid module.




Figure 3 | The prediction power of the hybrid model: combinations of deep and radiomic features.





Feature Importance and Class Separability

Figure 2 in Supplementary Material demonstrates the top 20 important features that contributed to explaining the class labels when training the RF classifier for different sets of radiomics, and hybrid feature sets. As can be seen, textural features cast the majority of the important features in radiomics analysis in both the target and context nodules. However, the contribution of shape-based features in context radiomics indicates the fact that shape descriptors could be involved in quantifying the context information of the regions covered the nodules. The same figure for the hybrid sets illustrates that most of the important attributes in the hybrid target set derived from radiomics features, while deep features contributed more in the hybrid context set. Moreover, the most informative radiomic features identified from FS methods are reported in Table 5 in the Supplementary Material.

Figure 3 in Supplementary Material shows the scatter plots of the class separability of different feature pools. In practice, T-distributed Stochastic Neighbor Embedding (TSNE) (47) statistical method was employed to nonlinearly reduce the dimensionality of the feature space and visualize the distribution of the data points based on their similarity in a 2D space. Because the dimension of the feature sets was larger than 1000, we first applied the PCA to project the feature sets into a 70D space and then apply the TSNE method. Interestingly, the class separability of deep features is more obvious than radiomics. These scatter plots are consistent with the quantitative results reported in Tables 1, 2, 4, and Figure 3.

Finally, to study the impact of the size of training samples on the prediction performance, the feature pools were split randomly into training and test subsets with varying proportions. In specific, the learning algorithm was trained with 25%, 50%, and 70% of the feature pools as training samples, while the rest of 75%, 50%, and 30% were dedicated to test sets. The discrimination scores were then calculated on the test set by applying a 5-fold cross-validation scheme. Figure 4 shows the results of feature fractioning achieved from the hybrid feature pools, and Tables 6, 7 in Supplementary Materials demonstrate the same evaluations calculated from radiomics and deep features separately. As was expected, increasing the size of the training samples leads to higher prediction powers. Besides, the discrimination powers of different fractions of deep features were higher than those of the radiomic features, while the performance on fractions of hybrid sets and deep features were relatively close. Such results are in agreement with the prediction scores reported in Figure 3.




Figure 4 | Effect of training size on the prediction power of the hybrid feature sets.





Conventional Radiomics vs. End-to-End Deep Learning Model vs. Deep-Feature-Based Radiomics

In this study, four different strategies, including conventional radiomics analysis, end-to-end deep learning classifiers, deep feature based radiomics as well as the combination of radiomics and deep features, were investigated to predict lung nodule malignancy. Moreover, the effect of fine-tuning steps such as feature augmentation and feature selection on the model performance were examined as well. To better compare the performance of each method, Table 5 shows a summary of the discrimination powers. In this table, ‘fine-tuning’ refers to the feature augmentation step, and ‘context-info’ indicates whether the context nodule images were included or not. Accordingly, the best results achieved by analyzing the radiomic features are presented in ‘best conventional radiomics’ column, and the best performance achieved by end-to-end training of deep learning models are showed in ‘best end-to-end deep learning model’ column. In addition, the extracted deep features from the learned networks were analyzed with the radiomics pipeline, i.e., feature selection and feature augmentation steps were applied and followed by training the learning algorithms. The best performance of such analyses is summarized in ‘best deep-feature-based radiomics’ column. Finally, an overview of the prediction powers achieved by concatenating the radiomic features with the extracted deep features is shown in the last column of the table ‘best hybrid model’.


Table 5 | Comparing the prediction power of the employed methods.






Discussion

The separation of benign from malignant pulmonary nodules on chest LDCT scans is an important step toward the early detection of lung cancers which in return offer the best chance for cure. In clinical practice, this vital step is done manually by expert radiologists on a slice by slice basis. However, the possibility of operator bias on one side, and the presence of highly similar visual characteristics shared between the benign and malignant nodules on the other side, can potentially lessen the accuracy of manual nodule classification. Therefore, many computer-aided models for automatic/semi-automatic classification of pulmonary nodules have been developed as assistant tools to facilitate such a demanding task. In a general view, these models can be categorized into two groups: handcrafted radiomics and end-to-end deep learning models. In this study, we conducted a comprehensive comparison of the performance of radiomics and deep learning models for lung nodule malignancy prediction on a relatively large-scale dataset consists of 1297 manually delineated lung nodules. In addition, we applied several optimization steps on both extracted radiomic features and learned deep features to improve the prediction performance. In this context, to reliably distinguish intra-nodule characteristics from nodule contextual attributes, both radiomics and deep features were extracted from target nodule images and context nodule images. Moreover, in order to efficiently capture the critical nodule characteristics such as shape, intensity, and textural heterogeneities, a hybrid feature set was constructed by pooling deep and radiomic features together.

The high correspondence between intra-nodule heterogeneity and malignancy alludes to the privilege of textural radiomic features. From 1334 radiomic descriptors, almost 73% of them represent textural features from the original and multi-scale filtered images. Interestingly, having performed the radiomics analysis with/without FS methods, textural features contributed significantly to classification results. In fact, a majority of the informative features without FS and a majority of the selected features with the FFS method come from textural families, which is in agreement with the reported results by other studies (30, 32, 48). Performing the filter-based FS methods on radiomics has not always yielded the improvement of the prediction power. In other words, statistically less correlated feature subset selected from Corr, LASSO, RELIEF, and MI methods were not necessarily informative with respect to the class labels and therefore lessened the prediction power in some cases. On the other hand, the greedy FFS method reduces the dimensionality of radiomic pools by selecting a combination of feature subsets with the highest prediction performance. In addition, as was expected, combining multiple weak classifiers into a single robust learning algorithm, the Adab method outperformed the rest of the classifiers in terms of prediction power (49). As the underlying training procedures of the RF classifier, to some extent, are close to that of Adab, it achieved the second strong prediction power. Moreover, 35% of the features selected from FFS are repeated between these two classifiers (Table 5 in Supplementary Material). Furthermore, fractioning the radiomics training set to even 25% of all the features resulted in satisfactory prediction power (AUC25%= 0.827 vs. AUC80%= 0.889). While the target nodule images hold intra-nodule attributes such as intensity and textural heterogeneities, shape and morphological features, as well as size-based properties, the context nodule images include the characteristics of surrounding tissues as well. Such differences in the image contents led to slightly higher prediction performance for context images. These results are in agreement with clinical practices in which the expert radiologists not only focus on the visual attributes of the nodules but also closely examine the contextual information around the nodules by inspecting the same nodule in three different orthogonal views in several prior and succeeding slices. The important features which contributed to malignancy prediction in context nodule images consist of several shapes and FOS-based features instead of focusing only on textural radiomics, which implies the fact that the model could capture the changes in the geometry and intensity heterogeneities in the nodule images after including context information. In addition, the observed improvements in the prediction power of combined nodule features point to the complementary role of nodule target and nodule context images. Of course, it should be noticed that applying the FS methods could reduce the risk of overfitting that would occur after combining context and target nodule features. More importantly, employing the SMOTE as an augmentation technique could successfully hinder the classification bias toward the majority class by balancing the class labels, which in return improved the classification accuracy significantly in all the radiomics experiments. In general, our analyses show that radiomic features are capable of quantifying the differences between challenging benign and malignant pulmonary nodules and have a great potential to achieve promising results.

Similar to radiomics, augmented deep context features outperformed the augmented deep target features, and their combination improved the accuracy of malignancy prediction as well. Training end-to-end deep classifiers could perform slightly better than radiomics analyses for each of target nodule images, context nodule images, and their combination. This can be described by the fact that end-to-end training of the networks enforces the models to learn to extract the features with the highest correspondence with respect to the class labels. On the other hand, radiomic features are extracted regardless of the class labels so that they would need further carefully designed processing steps to maximize their discrimination power. Besides that, augmenting the deep features by synthesizing new data points in the feature space to balance the class labels effectuates a terrific improvement in prediction powers. It is noteworthy that employing the conventional strategies such as including an equal number of both class labels in each batch of images during the model training may be helpful to avoid biasing toward the majority class. However, they often would not be able to dramatically boost the prediction performance. In general, although the deep learning models outperformed the radiomics analyses when the mentioned feature selection and augmentation techniques were not applied, we can infer that exerting such fine-tuning steps results in comparable performance.

The classification improvement achieved from integrating deep features with radiomics points to the fact that the hybrid descriptors could successfully cover a wide range of nodule characteristics from quantitative textures to abstract shape features. Such observed improvements are in agreement with other studies performed on lung nodule classification tasks (30, 32). Although radiomic descriptors are designed inspired by radiological quantitative imaging features, CNN models are trained to capture abstract features with high relevancy with respect to the class labels. Nevertheless, fusing these two distinct feature set in order to enhance the prediction power should be conducted carefully. In other words, simply aggregating the two feature sets will dramatically increase the length of the features and potentially increase the risk of overfitting. Such larger feature sets can even exacerbate the problem of class imbalance. Additionally, the careless fusion of these feature sets would increase the number of correlated features, which in return would afflict the performance of the models. The inferior performance of the raw hybrid feature sets can be caused by the described reasons. However, fine-tuning the hybrid feature sets by balancing the classes and reduce the dimensionality of the features by employ the proper FS methods can be considered as beneficial strategies to efficiently gain from the hybrid feature pools that resulted in the highest prediction power.

In this comparative study, we examined the two most conventional approaches of radiomics and deep learning methods to predict pulmonary nodule malignancy in LDCT images. Despite the promising results achieved and compared in this paper, in our future studies, we aim to test the proposed approach on external datasets both as inference models and transfer learning strategies. In addition, we plan to investigate other fusion methods to integrate radiomic descriptors into end-to-end deep learning models efficiently.



Conclusion

We conducted a comparative study to distinguish benign pulmonary nodules from malignant nodules in LDCT images. To do so, we performed a comprehensive radiomics analysis by investigating the prediction power of 1334 extracted radiomic features trained with 8 learning algorithms integrated with 7 feature selection methods. We compared the radiomics performance against several deep classifiers trained on the same datasets. We examined the effect of optimization strategies such as synthesizing the feature points to balance the class labels, extracting features from context images, and combine context features with features extracted from target nodule images. Our results suggest that effective integration of radiomics and deep features improves the performance of nodule classification and produces more accurate results.
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Background

Many patients experience recurrence of renal cell carcinoma (RCC) after radical and partial nephrectomy. Radiomics nomogram is a newly used noninvasive tool that could predict tumor phenotypes.



Objective

To investigate Radiomics Features (RFs) associated with progression-free survival (PFS) of RCC, assessing its incremental value over clinical factors, and to develop a visual nomogram in order to provide reference for individualized treatment.



Methods

The RFs and clinicopathological data of 175 patients (125 in the training set and 50 in the validation set) with clear cell RCC (ccRCC) were retrospectively analyzed. In the training set, RFs were extracted from multiphase enhanced CT tumor volume and selected using the stability LASSO feature selection algorithm. A radiomics nomogram final model was developed that incorporated the RFs weighted sum and selected clinical predictors based on the multivariate Cox proportional hazard regression. The performances of a clinical variables-only model, RFs-only model, and the final model were compared by receiver operator characteristic (ROC) analysis and DeLong test. Nomogram performance was determined and validated with respect to its discrimination, calibration, reclassification, and clinical usefulness.



Results

The radiomics nomogram included age, clinical stage, KPS score, and RFs weighted sum, which consisted of 6 selected RFs. The final model showed good discrimination, with a C-index of 0.836 and 0.706 in training and validation, and good calibration. In the training set, the C-index of the final model was significantly larger than the clinical-only model (DeLong test, p = 0.008). From the clinical variables-only model to the final model, the reclassification of net reclassification improvement was 18.03%, and the integrated discrimination improvement was 19.08%. Decision curve analysis demonstrated the clinical usefulness of the radiomics nomogram.



Conclusion

The CT-based RF is an improvement factor for clinical variables-only model. The radiomics nomogram provides individualized risk assessment of postoperative PFS for patients with RCC.
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Introduction

Renal cell carcinoma (RCC) is a malignant tumor originating from the proximal tubular epithelial system of renal parenchyma, and accounts for about 85% of all adult renal malignant tumors. It is estimated that, in 2020, there were 431,288 new cases of RCC worldwide, resulting in 179,368 deaths, and accounting for 2.2% and 1.8% of global new cancer morbidity and mortality, respectively. In addition, the incidence of renal cancer is increasing yearly (1). The clear cell renal cell carcinoma (ccRCC) is the most common subtype accounting for about 75% of all RCC (2), and is associated with high invasion and poor prognosis (3, 4). According to the AJCC Tumor Classification Criteria eighth Edition (2017) (5), surgery is the preferred treatment for patients with stage I–III RCC, and is associated with a 5-year survival rate of 71% to 91% (6). However, approximately 20% to 30% of patients will relapse after surgery (7). If we can predict these patients with high risk of recurrence before surgery, and give them targeted treatment and close follow-up, it will be very helpful to improve the prognosis of these patients.

Traditional radiotherapy and chemotherapy have poor efficacy for RCC, and there are no effective adjuvant therapies for RCC. A recent clinical trial showed that a subset of patients with more aggressive disease could benefit from targeted therapy after surgery (8). According to National Comprehensive Cancer Network and European Association of Urology guidelines, adjuvant therapy can reduce the recurrence rate of stage III ccRCC, which is associated with a high recurrence risk. However, about 50% of patients in this high-risk subgroup still do not have postoperative recurrence, and do not need to receive expensive adjuvant targeted therapy. Therefore, there is a need to develop prognostic factors to identify patients who will and will not benefit from adjuvant targeted therapy.

There are currently no markers for a diagnosis of RCC. Tumor stage and pathological nuclear grade are the most important prognostic factors. Nevertheless, distinct outcomes are demonstrated in patients with equivalent tumor-node-metastasis stage and pathological grade; they cannot fully address the issue of individualized treatment for patients with different recurrence risks (9, 10).

The field of artificial intelligence and radiomics has developed rapidly in recent years. Many studies have demonstrated that radiomics can be used to assess the heterogeneity of tumors, thus providing clinicians with more accurate prognostic information to inform treatment decisions (11–13). It has been increasingly reported that radiomics can be used for differentiating benign and malignant renal tumors, as well as discriminating high and low Fuhrman nuclear ccRCC (14, 15). However, to the best of our knowledge, no study has evaluated radiomics for its ability to predict the aggressive potential of ccRCC.

The purpose of this study was to investigate Radiomics Features (RFs) associated with progression-free survival (PFS) of RCC, assessing its incremental value over clinical factors, and to develop a visual nomogram in order to provide reference for individualized treatment and prognosis evaluation of RCC.



Materials and Methods


Patients

This retrospective study was approved by the Ethics Committee of Southern Medical University, and because of the retrospective nature of the analysis, the requirement of informed patient consent was waived. The data of patients with RCC who were treated in the Department of Urology, Nanfang Hospital, Southern Medical University, from March 2011 to March 2016 were retrospectively collected. Patients were randomly divided into a training set and validation set in a ratio of approximately 7:3. Clinical, pathological, and surgical data collected included age, sex, symptoms (low back pain, hematuria, emaciation, low-grade fever, cough, abdominal mass, and paraneoplastic syndrome), the interval from diagnosis to treatment, Karnofsky performance status (KPS) score, hemoglobin level, serum calcium level, neutrophil count, platelet count, maximum tumor size, stage, and pathological subtype, WHO/ISUP nuclear grade, overall tumor size, growth pattern, necrosis and calcification, treatment method, and adjuvant treatment. Inclusion criteria for the study were as follows: (1) Histological subtype ccRCC; (2) Clinical stage I–III (stage I–II, T1-2N0M0 and stage III, T1-2N1M0, T3N0-1M0); (3) Received radical nephrectomy or partial nephrectomy; and (4) Complete enhanced computed tomography (CT) imaging data, containing non-contrast phase (NCP), cortico-medullary phase (CMP), nephrographic phase (NP), and excretory phase (EP). Patients with a complete cystic renal tumor, positive tumor margins, and inadequate CT images were excluded.



CT Parameters

A Siemens 64-slice (Somatom Definition CT scanner; Siemens Medical Solutions Company, Malvern, PA, USA) CT scanners were used. A supine CT scan was performed from the diaphragmatic apex to the lower poles of both kidneys with breath holding using the following parameters: CT tube voltage = 120 kV, tube current = 150–320 mA, layer thickness = 5 mm, layer spacing = 5 mm, field of view = 360 mm, matrix = 512 × 512. After obtaining unenhanced images, Omnipaque (GE Healthcare) was injected into the anterior elbow vein with a high-pressure syringe at a dose of 2 ml/kg and an injection rate of 2.5 ml/s, with a maximum dose of 160 ml. Enhanced CT scanning was started at 25–30 s, 75–80 s, and 180–200 s.



Image Segmentation

Image segmentation was performed by 2 radiologists with 5 and 8 years, respectively, of abdominal imaging diagnosis experience using ITK-snap software. CT images were obtained from the PACS system, with a window width of 300–400 HU, a window level of 45–65 HU, and a slice thickness of 5 mm. The volume of the tumor was selected as the region of interest (ROI), and the edges were kept about 1 mm away from tumor edges to reduce interference from adjacent tissues (such as fat or normal renal tissue). Based on the threshold, areas with CT values less than −55 HU and greater than 350 HU pixels were filtered out. Intra-group and inter-group correlation coefficients (ICCs) were used to ensure stability and repeatability. First, 40 images were randomly segmented by the 2 physicians to assess reproducibility between groups. A week later, Doctor A repeated the same procedure to assess the reproducibility within the group. The results showed that ICC > 0.80 between groups and within groups; it means that the image segmentation was consistent, and the remaining image segmentation was performed by Dr. A.



Radiomics Feature Extraction and Selection

RFs were extracted, preprocessed, and filtered from segmented images using the PyRadiomics computing platform. First, the original CT images and 3D segmented images were imported into the platform for loading. Then, the image was preprocessed based on the Simple ITK software package embedded in the platform to ensure that the isotropic voxels of texture feature and shape feature are equidistant from adjacent bodies in all directions. Then, the preprocessed image was filtered based on the platform built-in filter, including PyWavelets and Simple ITK for wavelet filter and logarithmic filter, and NumPy for the remaining filters. Finally, four custom feature extraction methods based on the platform were used for radiomics feature extraction.

In the training set, feature selection was performed based on the stability LASSO algorithm. It performed through 100 times hierarchical 5-fold cross-validation. The LassoCV method used automatically found the optimal penalty coefficient α value through k-fold cross-verification. The criterion of α selection is to minimize generalization error. RFs were extracted in the training set with 5-fold cross-validations, and RFs with R2 > 0.8 were retained in the 5-fold cross-validation test set. The top 20% RFs of the 100 times 5-fold cross-validation were selected as the final features (Figure 1).




Figure 1 | Image segmentation and feature extraction, selection schematic diagram.





Development of Clinical Variable-Only, RFs-Only, and the Final Model

Multivariate Cox proportional hazard regression models were used to estimate the correlation coefficients of selected RFs to PFS, and to calculate the RFs-weighted sum as an independent variable in both training and validation sets. In the training set, univariate and multivariate Cox proportional hazard regression models were used to investigate factors associated with PFS. Independent variables with a value of p < 0.05 in univariate results were entered into a multivariate model, and variables that were significant in the multivariate model were considered factors associated with PFS, and estimated hazard ratios (HRs) were calculated. The final associated factors were used to build a multivariate Cox regression model. The optimal cutoff value of continuous variables was determined by the maximally selected rank statistics from the “maxstat” R package and used to predict PFS. Kaplan-Meier function was used to predict PFS for categorical variables.



Assessment of the Performance of Different Models

The probabilities were used as an independent continuous variable in receiver operating characteristic (ROC) curve analysis, and the C-index (area under curve the ROC curve [AUC]) and likelihood parameters were determined. A cutoff value was determined by maximizing the Youden index and used to predict PFS. ROC analysis was used in the validation set to assess the final model’s diagnostic effectiveness.

To compare the performance of a clinical variable-only model, RFs-only model, and the final model, ROC analysis and the DeLong test were used. The Hosmer–Lemeshow test was used to check the calibration. Decision curve analysis was used to observe the net benefits. Finally, index net reclassification improvement (NRI) and integrated discrimination improvement (IDI) were used to calculate the increment from the clinical variables-only model to the final model.



Statistical Analysis

Continuous data were presented as mean ± standard deviation, and categorical data were presented as number and percentage (%). For comparisons of means between groups, Student’s independent t-test or Mann–Whitney U test was used, depending on normality assumption. Categorical data were tested using chi-square test or Fisher’s exact text (if an expected value ≤ 5 was found). In all analysis, a 2-tailed value of p < 0.05 was considered to indicate statistical significance. Statistical analyses were performed using IBM SPSS version 25 software (IBM Corporation, Somers, New York). A nomogram was established using the associated factors in the training set with R statistical software (version 3.5.2) and the “rms” package. The surv_cutpoint function in the “surviminer” package finds the best cutoff value for a continuous variable. The “Predict ABEL” package is used to calculate the NRI and IDI. The decision curve analysis was also performed with R software and “rmda” package.




Results


Patient Clinical Characteristics and RFs of the Training and Validation Sets

A total of 175 patients were included in the analysis, with 125 in the training set and 50 in the validation set. The mean age of the training set was 52.31 ± 14.51 years, and that of the validation was 52.06 ± 13.19 years. The male:female ratio of the training set was 2.05:1, and that of the validation set was 1.63:1. The mean PFS of the training set was 55.83 ± 22.25 months, and that of the validation set was 61.06 ± 20.29 months. In the training set and validation set, 32.80% and 24.00% of patients experienced disease progression, respectively. Patient characteristics are summarized in Table 1, all clinical characteristics, follow-up results, and RFs of the training set and validation set were comparable (all, p > 0.05).


Table 1 | Patient’s clinical characteristics between training set and validation set.




A total of 107 RFs were extracted from the 3D multiphase CT images of each phase of each patient. The RF features were categorized as follows: (1) first-order statistics, (2) shape-based features, and (3) texture features. Of the 107 RFs, there were18 first-order statistics features, 14 shape-based features, 24 gray-level cooccurrence matrix (GLCM) features, 16 gray-level size zone matrix (GLSZM) features, 16 gray-level run length matrix (GLRLM) features, 14 gray-level dependence matrix (GLDM) features, and 5 neighboring gray-tone difference matrix (NGTDM) features. A total of 428 (4×107) RFs were extracted from the 4 phase CT images. There were 6 RFs final selected, including X1, X2, X3, X4, X5, and X6. Table 2 shows RF’s designation, phase, abbreviation, classification, and description. A multivariate Cox regression model for PFS of the training set was established to integrate the RFs indices into a single index, the RFs-weighted sum, using the formula: RFs weighted sum = 5.5056 × 10-5 × X1 + 0.0013 × X2 + 0.0028 × X3 + 0.0053 × X4 − 10.4363 × X5 + 0.0048 × X6.


Table 2 | Patient’s selected RF’s designation, phase, abbreviation, classification, and description.





Predictive Model of PFS Using the Training Set

The univariate and multivariate Cox regression analyses results of the relations of independent variables to PFS in the training set are shown in Table 3. Variables significant in univariate results were entered into the multivariate model. Because of the high correlation between T stage and clinical stage (r = 0.63, p < 0.001), T stage was excluded in the final model. Thus, the final model for PFS was established using age, clinical stage, KPS score, and RFs-weighted sum (Table 4).


Table 3 | Univariate and Multivariate Cox-regression results in training set.




Table 4 | Final model by training set.



The results showed that patients with higher age, higher clinical stage, KPS score < 80, and larger RFs-weighted sum were more likely to have disease progression. The surv_cutpoint functions for age and RFs-weighted sum are shown in Figures 2A, B, the cutoff value of RFs-weighted sum and age was 48 and −0.73, and significant differences were found between age ≥ 48 and < 48 (p = 0.013) and between RFs-weighted sum ≥ −0.73 and < −0.73 (p < 0.001).The Kaplan–Meier survival functions for clinical stage and KPS score are shown in Figures 3A, B, and significant differences were found between clinical stage I–II and III (p < 0.001), and between KPS score ≥ 80 and < 80 (p = 0.006).




Figure 2 | Surv_cutpoint function and survival analysis of PFS in the training set. (A) RFs-weighted sum. (B) Age.






Figure 3 | Kaplan–Meier survival analysis of PFS in the training set. (A) Clinical stage. (B) KPS score.





ROC Analysis and Nomogram

Table 5 and Figure 4 show the results of ROC analysis of the final models of the training set and validation set. The C-index of training and validation models was 0.836 and 0.706, respectively. The Hosmer–Lemeshow test indicated that the final models of the training set (chi-square = 15.05, p = 0.058) and validation set (chi-square = 13.84, p = 0.086) were acceptable. A nomogram of the final model was established for clinical use (Figure 5), and included risk estimations of PFS, and 1-, 3-, and 5-year survival.


Table 5 | C-index and diagnostic index of final model in both dataset.






Figure 4 | ROC results of the final model of the training set (A) and validation set (B).






Figure 5 | A nomogram for PFS was established that included age, clinical stage, KPS score, and RFs-weighted sum.





Comparisons of Clinical Variables-Only, RFs-Only, and Final Models

Three models were compared to investigate the importance of the RFs indices. The models included a clinical variables-only model (age, clinical stage, and KPS score), RFs-only model (RFs-weighted sum), and final model (age, clinical stage, KPS score, and RFs-weighted sum). The ROC analysis of the models is shown in Figure 6. It was found that the C-index of the final model was significantly larger than the clinical-only model (DeLong test, p = 0.008), but not significant compared to the RFs-only model (p = 0.402). However, no significance was found among the paired comparisons of models in the validation set (all p > 0.05).




Figure 6 | ROC results of the clinical variables-only model, RFs only model, and final model of the training set (A) and validation set (B).



The decision curve analysis is shown in Figure 7. The net benefit was higher in the final model than in the clinical variables-only model all the time and also higher than that of the RFs-only model after a 0.4 risk-threshold. The NRI from the clinical variables-only model to the final model was 18.03% (Z = 1.80, p = 0.072), marginally significant; and the IDI was 19.08% (Z = 6.39, p < 0.001).




Figure 7 | Decision curve analysis results of the clinical variables-only model, RFs only model, and final model.






Discussion

In this retrospective analysis, we developed a radiomics nomogram that incorporates three clinical factors and RFs-weighted sum for noninvasive, individualized prediction of PFS in patients with clinical stage I–III ccRCC, which can enable physicians to select reasonable treatment tactics and individualized monitoring protocols to improve clinical outcomes. To the best of our knowledge, this is the first prediction model developed to predict PFS of resectable ccRCC using CT-based radiomics. Through cross-validation and calibration, the RFs selection of this study ensures reliability and avoids over-fitting of the model (16). There were 41 progressive cases in the training set used for modeling, and the nomogram contains 4 factors. The variable selection is consistent with the 10–15 EPV (Event per Variable) criteria proposed by Peduzzi et al. (17), indicating that the model is reliable. The proposed radiomics nomogram demonstrated favorable discrimination in both the training set (C-index, 0.836) and validation set (C-index, 0.706), with high sensitivity, specificity, and accuracy.

Many factors, including clinical, anatomical, pathological, and molecular factors and treatment methods, are related to the prognosis of RCC. Early treatment, being asymptomatic, and a higher KPS score (>80) are very important for prolonging the survival of patients with RCC (18). Inflammatory cells (19–21), the TNM classification, and the histological factors included tumor nuclear grade, subtype, sarcomatoid features, microvascular invasion, tumor necrosis, and collection system invasion play a very important role in the tumor prognosis (22, 23). Many molecular factors such as CAIX, VEGF, HIF, Ki67, p53, p21, cell cycle PTEN, E-cadherin, CD44, and CXCR4, as well as other cell cycle and proliferation markers, may be associated with the prognosis of RCC (24–27). Partial nephrectomy is associated with improved survival of early RCC (28). Park et al. (29) reviewed preoperative laboratory data in 747 RCC patients and revealed that clinical information supporting aggressive ccRCC included an older age, larger size, lower hemoglobin, albumin, and calcium, as well as higher platelet and neutrophil. However, few radiologic parameters have been reported as prognostic factors of ccRCC in contrast to pathological markers. We enrolled these variables in this study; univariate Cox regression analysis showed that age, KPS score, neutrophils, tumor size, T stage, N stage, clinical stage, and calcification were associated with PFS, which was consistent with previous studies. However, affected by the RFs weighted sum, the clinical factors of the final model were only age, KPS score, and clinical stage. While RCC can be seen in all age groups, the median age of onset is 64 years, with a high incidence ranging from 50 to 70 years old. The mean age of patients in this study was 52 years, which is lower than that reported in the literature, and this may be related to the small sample size, patient race, and the relatively early disease stage.

Various scoring systems have been developed to predict the risk of postoperative recurrence in patients with RCC. The response evaluation criteria in solid tumors (RECIST) is the most commonly used prognostic evaluation method for tumors (30). However, it is impossible to predict the treatment effect before treatment. Other systems include the University of California, Los Angeles Integrated Staging System (UISS) (31), the Stage Size Grade and Necrosis (SSIGN) model (32), the Leibovich scoring system (33), the Kattan Nomogram (34), and the Karakiewic prognostic model (35). However, some of the parameters used in the model such as tumor necrosis and clinical presentation are subject to inter-observer variability. Different observation end points of different models result in different accuracy results in different studies, and ethnic differences and tumor diversity also limit the use of some systems; in various external validation samples, the results are not consistent (36, 37). Hence, further research and validation are needed.

RFs contain information about tumor heterogeneity and can reflect tumor phenotypes. Our study has filled a gap in the literature on PFS risk of stage I–III RCC in the setting of radiomics. In the recent literature, Radiomics nomogram has demonstrated excellent efficacy in differential diagnosis, nuclear grading, prognosis, and gene expression of RCC (38–43). Among the 6 RFs selected in this study, there were 3 features from the corticomedullary phase, suggesting that the corticomedullary phase may contain more abundant information to predict PFS. The results showed that RFs-weighted sum was an important factor that improved the diagnostic efficiency of the clinical variables-only model. The decision curve analysis revealed that using the radiomics nomogram to predict PFS in patients with stage I–III ccRCC presents more notable benefits than solely relying on clinical variables-only model.

There are several limitations to our study. First, owing to the limitation of the retrospective study and small number of cases, the follow-up time we used was at least 5 years. It would be more interesting to enroll patients without recurrence evidence for more than 5 or 10 years. Second, as a single-center study, the patient population was relatively homogeneous and small. During the 5-year recruiting period, there a large proportion of patients with stage I–II in this study (training set: 84%, verification set: 90%). A large-scale independent prospective multicenter study is needed to evaluate the generalizability of the results, and further work would focus on it.

In conclusion, this study presented a CT-based radiomics nomogram that showed satisfactory performance in predicting PFS in patients with stage I–III ccRCC, as a non-invasive and quantitative method that can be used as an efficient tool to complement individualized treatment.
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Objective

The aim of this study was to develop and validate a radiomics model to predict treatment response in patients with advanced gastric cancer (AGC) sensitive to neoadjuvant therapies and verify its generalization among different regimens, including neoadjuvant chemotherapy (NAC) and molecular targeted therapy.



Materials and Methods

A total of 373 patients with AGC receiving neoadjuvant therapies were enrolled from five cohorts. Four cohorts of patients received different regimens of NAC, including three retrospective cohorts (training cohort and internal and external validation cohorts) and a prospective Dragon III cohort (NCT03636893). Another prospective SOXA (apatinib in combination with S-1 and oxaliplatin) cohort received neoadjuvant molecular targeted therapy (ChiCTR-OPC-16010061). All patients underwent computed tomography before treatment, and thereafter, tumor regression grade (TRG) was assessed. The primary tumor was delineated, and 2,452 radiomics features were extracted for each patient. Mutual information and random forest were used for dimensionality reduction and modeling. The performance of the radiomics model to predict TRG under different neoadjuvant therapies was evaluated.



Results

There were 28 radiomics features selected. The radiomics model showed generalization to predict TRG for AGC patients across different NAC regimens, with areas under the curve (AUCs) (95% interval confidence) of 0.82 (0.76~0.90), 0.77 (0.63~0.91), 0.78 (0.66~0.89), and 0.72 (0.66~0.89) in the four cohorts, with no statistical difference observed (all p > 0.05). However, the radiomics model showed poor predictive value on the SOXA cohort [AUC, 0.50 (0.27~0.73)], which was significantly worse than that in the training cohort (p = 0.010).



Conclusion

Radiomics is generalizable to predict TRG for AGC patients receiving NAC treatments, which is beneficial to transform appropriate treatment, especially for those insensitive to NAC.





Keywords: radiomics, gastric cancer, neoadjuvant therapy, tumor regression grade, generalization



Introduction

Gastric cancer (GC) is a serious health problem in the world, causing an estimated 783,000 deaths in 2018 (1). Despite surgery being the only curative approach, more than half of cases are initially diagnosed as advanced disease, with a limited 5-year survival of 20%–30% (2). Meanwhile, even after R0 gastrectomy, relapse rates remain high, in the range of 40%–60% (2).

Neoadjuvant chemotherapy (NAC) is beneficial to improving R0 resection and prognosis in patients with advanced gastric cancer (AGC) by downstaging the tumor, eradicating micrometastasis, and reducing the risk of recurrence (3). Compared with only about half of patients with a good condition suitable to receive postoperative chemotherapy, NAC (the preoperative part of perioperative chemotherapy) is feasible to most patients, highlighting its importance (4). Although accumulated studies have been made to investigate regimens with more safety and effectiveness since the landmark MAGIC study launched in 2006, a considerable proportion of cases are insensitive to NAC, leaving unnecessary cytotoxicity to those patients (4–9). Even for the newly reported triplet FLOT regimen (docetaxel, oxaliplatin, fluorouracil, and leucovorin), which is under impassioned discussion as the new standard for NAC, completed or subtotal pathological regression was achieved in only 37% of cases (6). Uniform standard of care is an absence in NAC even if great progress has been achieved in this area (10, 11). Besides, the emergence of treatments for precision medicine, such as molecular targeted therapy and immunotherapy, brings vitality to neoadjuvant approaches (12). The choice of appropriate treatment is beset with difficulties where controversial results were observed from different studies (12). It is of urgent need to find an easy-to-use and noninvasive tool to predict tumor sensitivity to different neoadjuvant regimens.

Transformation in artificial intelligence (AI) has provoked a new area of medical image analysis named radiomics, which noninvasively provides insight into tumor heterogeneity by extracting and analyzing high-throughput image features (13, 14). Radiomics extends the scope of biopsy, providing possibilities in dynamic surveillance, prognosis prediction, and treatment decision (15). Especially, compared with conventional imaging metrics, radiomics effectively gauges tumor microenvironment status, providing tailored treatment for individuals (16–18). Radiomics also allows for predicting treatment sensitivity to non–small cell lung cancer treated with different systemic anticancer therapies (19). Accumulated evidence has identified the prognostic value of radiomics in evaluating tumor sensitivity for GC, but there is a lack of clear elucidation whether radiomics is generalizable among different anticancer regimens (20–22).

In this study, we aimed to predict treatment response for GC patients sensitive to neoadjuvant therapies using radiomics and verify the generalization of this AI technology among different regimens, including NAC regimens and molecular targeted therapy.



Materials and Methods

The main objective was to test whether the radiomics model we built was generalizable to detect AGC tumors sensitive to neoadjuvant approaches. We firstly trained and tested the radiomics model on baseline CT images for patients treated with the EOX regimen (epirubicin, oxaliplatin, and capecitabine). Then, we sought to investigate whether this model was practical on real-world data by applying it to predict therapeutic response on a clinical trial [the Dragon III study (23), ClinicalTrials.gov: NCT03636893] and a retrospective external validation cohort incorporated with three mixture NAC regimens. We finally aimed to validate whether our radiomics model could predict treatment response to molecular targeted therapy from another clinical trial (ChiCTR.gov.cn: ChiCTR-OPC-16010061) (24).


Participants

Patients consecutively enrolled in this study were histopathologically diagnosed as having gastric adenocarcinoma and with advanced disease (cT2-4a/bNxM0) based on contrast-enhanced CT (CECT) images. No prior treatment before NAC was demanded, and all patients underwent CECT scans less than 3 weeks before treatment started. Meanwhile, all patients enrolled were tolerant of NAC and have completed the planned preoperative schedule. The enrollment for all patients is presented in Figure 1.




Figure 1 | Flowchart and patient enrollment of this study. AGC, advanced gastric cancer. For the regimens, EOX (epirubicin, oxaliplatin, and capecitabine), SOXA (apatinib in combination with S-1 and oxaliplatin).



Patients receiving the triplet EOX regimen were retrospectively recruited from May 2009 to September 2017. A total of 200 patients (women, 64; mean age, 59.5 ± 9.7 years) were finally recruited and were divided into a training cohort and an internal validation cohort to construct the radiomics model at a ratio of 2:1. Therefore, there were 134 and 66 patients in the training and internal validation cohorts, respectively.

The Dragon III study was sought to compare the efficacy between the doublet SOX regimen (S-1 and oxaliplatin) and the triplet FLOT regimen. This clinical trial was conducted from August 2018 to November 2019. Finally, there were 71 patients (women, 24; mean age, 61.3 ± 9.9 years) enrolled in this study, and three patients were excluded due to poor image quality of CECT. Those patients receiving the two regimens were considered as an entity and named as the Dragon III cohort. There were 27 and 44 patients receiving the SOX regimen and the FLOT regimen in the Dragon III cohort, respectively.

Patients in the external validation cohort were from another tertiary referral hospital (Peking University Cancer Hospital and Institute) and were retrospectively recruited from January 2018 to December 2019. In this cohort, three doublet NAC regimens were used, including the SOX regimen, the XELOX regimen (oxaliplatin and capecitabine), and the FOLFOX regimen (oxaliplatin, folinic acid, and fluorouracil). There were 75 AGC patients (women, 24; mean age, 59.4 ± 10.5 years) enrolled in this cohort. There were 42, 30, and 3 patients receiving the SOX, the XELOX, and the FOLFOX regimens, respectively.

Patients in the clinical trial (ChiCTR.gov.cn: ChiCTR-OPC-16010061) were recruited from December 2016 to August 2018. The single-arm, open-label, phase II trial was designed to investigate the added value of apatinib in combination with SOX (the SOXA regimen) to improve the pathologic response of AGC patients. Two patients were excluded due to poor image quality of CECT, and 27 patients (women, 10; mean age, 59.3 ± 8.0 years) were enrolled in this study as the SOXA cohort.

This study was approved by the ethics committee of Ruijin Hospital and Peking University Cancer Hospital and Institute. For patients in the training, internal validation, and external validation cohorts, written informed consent was waived due to the retrospective nature. Baseline clinical data for all patients included gender, age, tumor invasion, lymph node status, tumor location, tumor size (cm), differentiation status, carcinoembryonic antigen (CEA), and carbohydrate antigen 19-9 (CA19-9). Definition for those indices is presented in the Supplementary Material S1.



Protocols for Neoadjuvant Regimens

For patients receiving the SOX and FLOT regimens in the DRAGON III study (i.e., the DRAGON III cohort) and patients receiving the SOXA regimen (the SOXA cohort), the protocols are described in the corresponding clinical trials (23, 24). Treatment protocols for patients receiving the EOX regimen and patients in the external validation cohort are presented in Supplementary Material S2.



Imaging Protocol

All patients underwent abdomen CECT scanning before treatment. The information and parameters for involved CT scanners are presented in Supplementary Table S1. The images on portal-venous and delayed phases were anonymously retrieved for further analysis.



Tumor Regression Grade

Evaluation of tumor response to treatment was in accordance with Ryan criteria (25) after the completion of planned neoadjuvant courses, where completed response represents no viable cancer cells, moderate response represents single cells or small groups of cancer cells, minimal response represents residual cancer outgrown by fibrosis, and poor response represents minimal or no tumor kill (extensive residual cancer). Two pathologists, who had 7 and 10 years of experience, respectively, evaluated tumor response and resolved disputes with consensus. In this study, we considered patients with a completed response or moderate response to neoadjuvant treatment as responders and minimal response or poor response as non-responders.



Tumor Delineation and Feature Extraction

Before segmentation, all images were resampled into a uniform voxel space of 1 * 1 * 1 mm. The volume of interest (VOI) was performed on the primary tumor by open-source software (3d-slicer, version 4.10.2) on baseline axial images from portal-venous and delayed phases along with tumor boundary slice by slice and omitting the first and last slices to avoid potential partial volume effect. Radiomics features were extracted from an in-house research platform (Syngo Via, Version VB20, Research Frontier, Siemens Healthineer) (26).

A total of 110 original radiomics features (without any preprocessing producers applied) were extracted from each phase. In addition, 1,116 features were calculated after preprocessing for each phase. Therefore, there were 2,452 radiomics features finally extracted for each patient. All features were compliant with the benchmarks of the image biomarker standardization initiative (IBSI) (27). Detailed information is presented in Supplementary Material S3.

To guarantee reproducibility of the radiomics features, we performed reliability analysis by repeatedly delineating the tumors by two radiologists (with 10 years and 5 years of experience in abdominal imaging, respectively) on images from portal-venous and delayed phases from 70 randomly selected patients from the training cohort. The two radiologists were aware of GC but unaware of pathological and clinical results. Intraclass correlation coefficient (ICC) analysis was used for reliability analysis, and features with ICC >0.80 were considered robust and remained for further analysis.



Dimensionality Reduction, Radiomics Score Generation, and Modeling

To avoid dimensionality curse and overfitting, mutual information that measures the mutual dependence between features and label was used to select candidate features in the training cohort. Random forest (RF), a widely used ensemble machine learning algorithm, was chosen in our studies for radiomics score generation and model establishment (28,29). RF was generally reported to own the best discriminative and diagnostic power in radiomics studies due to their ability to handle high dimensional features and strong generalization. Grid search with 10-fold cross-validation was implemented for parameter tunings in the training cohort. The contribution of features to modeling was ranked by feature importance calculated by Gini-impurity. Subsequently, the radiomics scores that were generated by the established model for every patient were calculated and included for further analysis. The performance of the radiomics model was then verified in the internal validation cohort.



Generalization Analysis

To investigate the generalization of our radiomics model among different regimens, we further applied the model to predicting TRG for patients in the DRAGON III cohort and the external validation cohort (each included two and three different regimens). Besides, to test whether the model was generalizable to predict treatment response undergoing molecular targeted therapy, we used it to assess TRG on patients in the SOXA cohort.



Model Comparison

For comparison, we evaluated the degree of tumor response on CT images in accordance with the Response Evaluation Criteria in Solid Tumors (RECIST, version 1.1) (30) for patients receiving the EOX regimen and compared its performance with our radiomics model. In addition, the clinical model was built in the training cohort and validated in corresponding cohorts as the radiomics model did by incorporating significant clinical indices into the multivariate logistic regression model after univariate analysis. Furthermore, we also integrated the radiomics scores and significant clinical characteristics into a combined model to investigate whether there was any improvement to predict TRG for AGC patients in different regimens.



Subgroup Analysis

Given the SOX regimen and the FLOT regimen indicating no significant TRG difference in the Dragon III study, which was inconsistent with previous studies, we emphasized the comparison between the SOX regimen and the FLOT regimen in the Dragon III cohort. We were also interested in the added value of apatinib in the SOXA cohort compared with patients receiving the SOX regimen only and compared the difference between the two regimens. For patients receiving the SOX regimen, only those recruited from the randomized controlled trial (RCT) clinical trial (i.e., patients in the Dragon III cohort) were considered to match the single-arm SOXA clinical trial. To avoid the influence of response rate within different cohorts, we further split responders and non-responders in each regimen and independently compared them between the regimens. To simplify the analysis, we analyzed the top 10 features in subgroup analysis according to the importance of ranking.



Statistical Analysis

Continuous variables were compared by independent-samples t-test or Mann–Whitney U test based on their distribution. Categorical variables were compared using χ2 or Fisher’s exact test. For model assessment, discrimination ability included receiver operating characteristic (ROC) curve and area under the curve (AUC), sensitivity, specificity, and accuracy were performed for all models. The optimal threshold was selected based on the Youden index for the radiomics score in the training cohort, and Delong test was implemented for the AUC comparison between models in each cohort. The reliability of those models was evaluated by Cohens’ kappa index. An individualized nomogram and a decision curve were implemented to present the clinical utility of our models. The goodness of fit of all models was assessed by calibration curve and Briers score. The radiomics analysis was compliant with published guidance, and we performed a radiomics quality score (RQS) for our study to assess the quality of our study (15). All statistical analyses were performed with software R (version 3.6.0, http://www.r-project.org) and Python Scikit-learn package (version 3.7, Scikit-learn version 0.24.1, https://scikit-learn.org/stable/index.html). Package resources are listed in Supplementary Table S2. Statistical significance was considered as a two-sided p < 0.05.




Results


Clinical Characteristics

Demographic data in each cohort are presented in Table 1. For patients receiving the EOX regimen, there was no response bias between the training cohort and the internal validation cohort (73.1% vs. 75.8%, p = 0.691). Univariate analysis for differentiation status was not performed, given 28% of cases were not accurately evaluated by a specimen from the endoscopic biopsy. For other clinical indices, only age and tumor size were statistically different between responders and non-responders in the training cohort (p = 0.023 and p = 0.020, respectively). Gender, tumor invasion, lymph node status, tumor location, CA19-9, and CEA showed no statistical difference (all p > 0.05, see Supplementary Table S3). Finally, we integrated age and tumor size as clinical risk factors into a clinical model using multivariate logistic regression.


Table 1 | Demographic data for all patients in each cohort.





Dimensionality Reduction

The average ICCs for features from the portal-venous and the delayed phase images were 0.75 and 0.80, respectively. There were 668 and 776 radiomics features with a threshold of 0.80 in each phase, and finally, a total of 1,444 radiomics features were considered as robust and remained for further dimensionality reduction.

A total of 741 radiomics features showed non-zero mutual information. Subsequently, 164 radiomics features were selected with a threshold value of 0.05. Finally, 28 features with the highest importance ranking were used for modeling after RF (Figure 2). The RQS of our study was 30 (83.3% of ideal score), guaranteeing good quality of the radiomics process (Supplementary Table S4).




Figure 2 | Importance ranking for 28 selected radiomics features using random forest The length of the bin and the depth of the color blue represent the important degree of the radiomics features. The feature name is ordered by the following rule: phase (p or d represents the venous-portal phase or the delayed phase) _ pre-processing_feature category_feature name. For example, for the first feature, i.e., d_logarithm_firstorder_Median indicates that the feature is named as Median from the first-order category, with transformation by logarithm.





Modeling

We utilized the 28 features to construct a radiomics model to predict TRG for AGC patients. The radiomics score of the training cohort was 0.600. The model achieved AUCs of 0.82 (95% CI, 0.76~0.90) and 0.77 (95% CI, 0.63~0.91) in the training and internal validation cohorts in patients treated with the EOX regimen. Furthermore, the radiomics model showed generalizability to other NAC regimens because similar performance was observed [for the Dragon III cohort and the external validation cohort, AUCs of 0.78 (95% CI, 0.66~0.89) and 0.72 (95% CI, 0.66~0.89), respectively]. Delong test indicated that no significant difference was found when compared with the training cohort (p = 0.571 and p = 0.216, respectively). However, the radiomics model showed a poor predictive value for TRG in the SOXA cohort [AUC of 0.50 (95% CI, 0.27~0.73) vs. 0.82 in the training cohort, p = 0.010]. Detailed information for the performance of the radiomics model in each cohort is presented in Table 2. The radiomics score for patients in each cohort is shown in Supplementary Figure S1. The Kappa indices of the radiomics models of the training cohort, the internal validation cohort, the Dragon III cohort, the external validation cohort, and the SOXA cohort were 0.485, 0.365, 0.221, 0.156, and 0.069, respectively.


Table 2 | Performance of different models in each cohort.





Model Comparison

The RECIST 1.1 showed poor performance to predict TRG, which reached AUCs of 0.53 (95% CI, 0.44~0.62) and 0.67 (95% CI, 0.53~0.81) in the training and internal validation cohorts, respectively. The radiomics model in the training cohort was significantly better than the RECIST model (p < 0.001), but no statistical difference was found in the internal validation cohort (p = 0.338). Detailed information on discriminative metrics for the RECIST models is presented in Table 2. The Kappa indices of the RECIST models of the training cohort and the internal validation cohort were 0.057 and 0.316, respectively.

The clinical model, incorporating age and tumor size in multivariate logistic regression, achieved AUCs of 0.69 (95% CI, 0.60~0.79) and 0.59 (95% CI, 0.43~0.74) in the training and internal validation cohorts for patients receiving the EOX regimen. For the Dragon III and external validation cohorts, the performance of the clinical models was 0.60 (95% CI, 0.46~0.74) and 0.68 (95% CI, 0.56~0.81), respectively. For patients receiving NAC regimens, the performance of the radiomics models was better than that of the clinical models to predict TRG in each cohort, although the marginal difference was only observed in the training cohort and the Dragon III cohort (p = 0.052 and p = 0.057, respectively). On the contrary, the clinical model showed a higher predictive value compared with the radiomics model in the SOXA cohort, with an AUC of 0.57 (95% CI, 0.34~0.81), and no statistical difference was found for the comparison (p = 0.664). Detailed information on discriminative metrics for the clinical models is presented in Table 2. The Kappa indices of the clinical models of the training cohort, the internal validation cohort, the Dragon III cohort, the external validation cohort, and the SOXA cohort were 0.269, 0.097, 0.145, 0.002, and 0.080, respectively.

The combined models that integrated the radiomics score and clinical risk factors showed limited improvement compared with the radiomics models in each cohort (Table 2). The results indicated a similar trend observed for the radiomics models, where a similar predictive power was found for patients receiving NAC regimens, while significantly declined performance was found in the SOXA regimen. When compared with the clinical models, the combined models in the training and internal validation cohorts presented statistically higher predictive value to TRG (p = 0.003 and p = 0.030, respectively). The ROC curves for all models in each cohort are presented in Figure 3. The Kappa indices of the combined models of the training cohort, the internal validation cohort, the Dragon III cohort, the external validation cohort, and the SOXA cohort were 0.521, 0.418, 0.073, 0.002, and 0.119, respectively.




Figure 3 | The receiver operator characteristic (ROC) curves for models in each cohort. (A–E) Represents ROC curves of models for patients in the training cohort, the internal validation cohort, the Dragon III cohort, the external validation cohort, and the SOXA cohort. Rmodel, the radiomics model; Cmodel, the clinical model; Recmodel, the RECIST model; Combmodel, the combined model. The SOX cohort is defined the patients receiving the regimen of S-1 and oxaliplatin; the SOXA cohort is defined as the patients receiving the regimen of apatinib in combination with SOX (S-1 and oxaliplatin). AUC, area under the curve.



The nomogram indicated that individuals with lower radiomics scores, younger age, and smaller tumor size are prone to respond to NAC treatment; the calibration curve revealed that the radiomics model and the combined model showed better goodness of fit compared with the clinical model because lower Brier scores were observed (0.159 and 0.136 vs. 0.182) (Supplementary Figure S2). The DCA curve indicates that the combined model and the radiomics model have higher clinical net benefit than the clinical model (Figure 4, Supplementary Figure S2).




Figure 4 | The predictive value of the individualized nomogram to predict tumor regression grade (TRG) for two patients receiving the EOX (epirubicin, oxaliplatin, and capecitabine) regimen. The two patients had similar clinical baseline information but different insensitivity to neoadjuvant chemotherapy treatment (both were men, 65 years old, cT4aN2M0, and similar tumor size). The individualized nomogram integrated radiomics score, age, and tumor size successfully predicted the outcomes of the patients, which mainly relied on the performance of radiomics score.





Subgroup Analysis

We further analyzed the distribution difference of radiomics features in terms of response status between the SOX and FLOT regimens as well as the SOX and SOXA regimens using top 10 importance ranking features. In the Dragon III cohort, response rates for patients receiving the SOX and FLOT regimens were 18.5% and 18.2%, and there were five and eight responders in each regimen, respectively. In the non-responder group, no radiomics features showed a significant difference between the regimens (Supplementary Figure S3). However, in the responder group, four radiomics features were statistically different between the two regimens (Supplementary Figure S4).

The response rate for patients receiving the SOXA regimen was 59.3% (16/27). In the non-responder group, 3 of 10 radiomics features showed a significant difference, and they were all from the delayed phase images (Supplementary Figure S5). Intriguingly, those features also presented significance between the two regimens in the responder group (Supplementary Figure S6). Apart from that, another radiomics features also shared a significantly different distribution.




Discussion

In this study, we developed and validated an AI method using quantitative imaging named radiomics and successfully predicted TRG for AGC patients treated with NAC, which showed generalized power among different NAC regimens by validating its predictive value in the Dragon III cohort and an external validation cohort. More importantly, radiomics noninvasively revealed that NAC regimens and molecular targeted therapy probably shared different pharmacological effects on tumors. This observation was identified by a significantly declined performance of the radiomics model in the SOXA cohort and the results from the subgroup analysis. Our findings are helpful to evaluate the benefit of NAC before treatment and provide the opportunity to timely adjust to an appropriate strategy for patients insensitive to NAC.

Previous studies have demonstrated the predictive value of radiomics in evaluating pathological response after NAC for GC (21, 31, 32). However, few pieces of research reported the generalization of radiomics among different regimens except for a study in non–small cell lung cancer, which has first demonstrated that radiomics could serve as an early indication for different systemic anticancer therapies (19). To verify whether radiomics could exert predictive value to NAC for GC, we first trained and validated our radiomics model in patients treated with the EOX regimen. The radiomics model constructed by selected 28 radiomics features achieved a comparable AUC (0.77) in the internal validation cohort compared with previously reported performance from 0.722 to 0.82 (21, 31, 32). To investigate the generalization of our radiomics model in neoadjuvant agents, we further applied it on the Dragon III cohort and external validation cohort including five different NAC regimens. The radiomics model continued to show its efficacy in the two cohorts, identifying the generalization of our model. For comparison, the commonly used RECIST 1.1 criteria only showed limited value to predict tumor response to NAC, urging the application of our radiomics model as an early prediction tool for AGC after neoadjuvant treatment. Overall, radiomics shows its potentiality in early prediction of tumor response for GC patients receiving NAC, and more importantly, this efficacy is generalizable among different NAC regimens.

The FLOT regimen is a new candidate NAC approach for AGC patients. Intriguingly, in the Dragon III study, no significantly improved response rate was observed between the FLOT and SOX regimens (23). We also performed a subgroup analysis between the two regimens to investigate whether the radiomics features could provide evidence for the finding in the clinical trial. No features were found statistically different in the non-responders between the two groups, which was consistent with what was observed in the Dragon III study. However, four radiomics features demonstrated a significant difference in the responders between the two groups. Due to the low response rate observed for the two regimens (18.2% and 18.5% for FLOT and SOX, respectively), the sample size in the responder subgroup for each regimen was small, which probably weakened the efficacy of the test. Therefore, whether there was any tumor heterogeneity for patients who were sensitive to the regimens remained to be elucidated.

Unlike indistinctive cytotoxicity from conventional chemotherapy drugs, apatinib was an antiangiogenic agent, which highly selectively targets vascular endothelial growth factor receptor 2 (VEGFR-2) tyrosine kinase, mediating the growth of the tumor by inhibiting angiogenesis (33). Apatinib alone exerts its antitumor effects by inhibiting tumor growth, reducing microvascular density, and enhancing apoptosis (34). This molecular targeted drug was considered as third- or subsequent-line therapy for chemotherapy-refractory advanced or metastatic GC in phase II and III studies, with good tolerance and improved survival (35, 36). The synergistic antineoplastic effects of apatinib combined with chemotherapy agents were observed in preclinical studies (37, 38), which was demonstrated in the clinical practice setting, in combination with preoperative SOX regimen to improve the pathological response of AGC (24). However, the intrinsic changes in tumor heterogeneity initiated by apatinib have not been clarified. In this study, the radiomics model constructed by the NAC regimen performed poorly in the SOXA cohort, revealing the existence of the underlying difference between the two different neoadjuvant approaches. We then performed a subgroup analysis between patients receiving the SOX regimen and the SOXA regimen to investigate the added value of apatinib. Due to the SOXA cohort being a single-arm clinical trial, patients receiving the SOX regimens were from the Dragon III study. Three key radiomics features simultaneously expressed differences in both the responder and non-responder groups, indicating that the discriminative tumor heterogeneity after the addition of apatinib could be detected early by quantitative imaging. Meanwhile, the clinical model maintained a similar performance regardless of which neoadjuvant approach was taken, laterally highlighting the importance of our radiomics model for a discriminative capability for NAC and molecular targeted therapy. Those findings suggested that our radiomics model is helpful to screen patients insensitive to NAC regimens before treatment and thus provide the opportunity for those patients to choose appropriate treatment such as molecular targeted therapy or immunotherapy.

Our study achieved an RQS of 30 (83.3% of ideal score), which is higher than most radiomics studies (reviews report an average RQS percentage ranging from 9.4% to 26.1%) (39–42), guaranteeing the robustness and reproducibility of our study. The calibration curve showed well goodness of fit of the radiomics model, indicating the robustness of the results. The DCA curve revealed that our radiomics model presented higher net benefit in almost the whole period compared with the clinical model, increasing the clinical use of radiomics in providing advice for patients if they should receive NAC treatment.

Our study has several limitations. Except for data from two clinical trials, patients receiving the EOX regimen in the external validation cohort were retrospectively recruited, and bias selection was inevitable in this proof-of-concept study. Also, a potential confounder is that we had limited information in molecular or genetic aspects for those patients, and the diversity among patients may lead to different responses to neoadjuvant therapies. The response rate in each cohort varied, which conformed to the complex condition in the real world. Furthermore, except for the EOX regimen, limited sample size in other NAC regimens hindered the construction of models for each cohort or NAC regimen to investigate the similarity of radiomics features expressed in different NAC regimens. For the same reason, an independent radiomics model for the SOXA cohort was also not realized. Therefore, we could conclude that radiomics was capable of predicting different pharmacological effects on tumors between NAC regimens and molecular targeted therapy, but the nuances that reflected radiomics features between the two different neoadjuvant approaches remained to be further elucidated. Although TRG is reported as a surrogate for prognosis, the predictive value of our radiomics model needs to be elucidated in further investigation with follow-up evidence.

In conclusion, in this study, we demonstrated that our radiomics model is generalizable to predict TRG for AGC patients receiving NAC treatments, which is beneficial to transform appropriate treatment for GC, especially for those insensitive to NAC. We also identified the intrinsic difference between cytotoxic neoadjuvant chemo agents and molecular targeted therapy from a radiomics perspective, which is helpful to construct individualized models for different neoadjuvant approaches.
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Purpose

The purpose of this study was to investigate the association between the radiomics features (RFs) extracted from a whole-tumor ADC map during the early treatment course and response to concurrent chemoradiotherapy (cCRT) in patients with esophageal squamous cell carcinoma (ESCC).



Methods

Patients with ESCC who received concurrent chemoradiotherapy were enrolled in two hospitals. Whole-tumor ADC values and RFs were extracted from sequential ADC maps before treatment, after the 5th radiation, and after the 10th radiation, and the changes of ADC values and RFs were calculated as the relative difference between different time points. RFs were selected and further imported to a support vector machine classifier for building a radiomics signature. Radiomics signatures were obtained from both RFs extracted from pretreatment images and three sets of delta-RFs. Prediction models for different responders based on clinical characteristics and radiomics signatures were built up with logistic regression.



Results

Patients (n=76) from hospital 1 were randomly assigned to training (n=53) and internal testing set (n=23) in a ratio of 7 to 3. In addition, to further test the performance of the model, data from another institute (n=17) were assigned to the external testing set. Neither ADC values nor delta-ADC values were correlated with treatment response in the three sets. It showed a predictive effect to treatment response that the AUC values of the radiomics signature built from delta-RFs over the first 2 weeks were 0.824, 0.744, and 0.742 in the training, the internal testing, and the external testing set, respectively. Compared with the evaluated response, the performance of response prediction in the internal testing set was acceptable (p = 0.048).



Conclusions

The ADC map-based delta-RFs during the early course of treatment were effective to predict the response to cCRT in patients with ESCC.
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Introduction

Worldwide, esophageal cancer ranks 7th in cancer incidence and 6th in mortality rate reported by the World Health Organization (1). Esophageal squamous cell carcinoma (ESCC) is one of the top ten characteristic tumors in China with a proportion over 90% in all esophageal cancer patients, while adenocarcinoma is dominant in the West (2). The 5-year survival rate for locally advanced ESCC is limited to 15-30%, and the prognosis varies from patients even with the same treatment (3, 4). Though concurrent chemoradiotherapy (cCRT) has become the prevalent treatment for local advanced ESCC, individual differences for therapeutic sensitivity still exist (5). It is challenging to accurately predict the sensitivity to cCRT and distinguish the discrepancy of ESCC to assist clinical decisions.

Response Evaluation Criteria in Solid Tumors (RECIST, version1.1) is the most widely used tool for assessing solid tumor response to nonsurgical treatment. It relies on imaging techniques, such as X-ray and computed tomography (CT), providing little information about the molecule, cell, histopathology, and biology (6). Compared to these imaging modalities, magnetic resonance imaging (MRI) is able to precisely depict the histopathological layers of the esophageal wall in an ex vivo evaluation (7). Notably, diffusion-weighted imaging (DWI) with physiological information reflecting water diffusion properties of tissues is potentially practical to monitor tumor response. The apparent diffusion coefficient (ADC) and the change of ADC (delta-ADC/ΔADC) generated from DW-MRI showed a correlation with tumor response to treatment (8–10). Nevertheless, the utilization of the ADC value as an imaging biomarker is still controversial (11–13).

With the development of computerized image processing technology during the past decades, quantitative imaging analysis is becoming more and more popular in radiology (14). Radiomics, which extracts numeric radiologic data from medical imaging, quantitatively describes the shape, intensity, texture, and other features of target structures (15). It has been reported that various radiomics features (RFs) are associated with tumor genes, pathology, and outcome of treatment in different tumors (16–20). Furthermore, the change of RFs between pretreatment images and images of other time points during or after treatment, referred to as delta-radiomics, has been investigated in lung cancer and rectal cancer as promising prognostic factors (21, 22). Theoretically, delta-RFs (ΔRFs) reflect much detailed information of changes induced by chemotherapy, radiation, and immunotherapy throughout treatment rather than just at pretreatment.

It is assumed that radiomics analysis of the ADC map is helpful to predict early treatment response to cCRT of ESCC patients. Aiming to predict response to concurrent CRT in patients with ESCC, this study developed radiomics models based on RFs and ΔRFs during early treatment. In addition, the prediction value of ADC and ΔADC values were also analyzed.



Materials and Methods


Study Population

All protocols of this prospective and observational study were approved by the Institutional Review Board (Project ID: 201404005). Patients from Shandong Cancer Hospital and Institute were randomly assigned to the training set and the internal testing set in a ratio of 7:3 to ensure an adequate sample size. The external testing set was enrolled in Anyang Tumor Hospital.

All methods were carried out following relevant guidelines and regulations. All patients provided written informed consent before enrollment. Inclusion criteria were as follows: (a) ESCC histologically proven by endoscopic biopsy; (b) no contraindications to MR examination; (c) clinical stage T3 or T4 defined on endoscopic ultrasonography, diagnostic CT scans, or 18fluorodeoxyglucose positron emission tomography/computed tomography (18F-FDG PET/CT) scan; (d) no prior anticancer treatment; (e) no distant metastasis except lymph nodes; (f) no other primary tumor. Clinical staging was based on the tumor-node-metastasis classification of malignant tumors (UICC, Version 8th). All patients were treated with concurrent CRT. The daily fractional dose of radiotherapy was 1.8–2.0 Gy, administered 5 days a week, and the total dose was 50.4–66.0 Gy with 6–15 MV X-rays performed by intensity-modulated radiation therapy. Before the early treatment response evaluated, all patients accepted two cycles of chemotherapy concurrently during radiotherapy every 3 weeks. One of the following proposals of chemotherapy would be adopted: 1) an intravenous injection of paclitaxel (150 mg/m2) on day 1 and cisplatin (75 mg/m2) on days 1–3; and 2) S-1 administered orally twice daily at 80 mg/m2 for 2 weeks and cisplatin (75 mg/m2) on days 1–3.



Response Assessment

The response was assessed according to RECIST 1.1 (6). Upper gastrointestinal endoscopy, chest and abdomen CT, or whole-body 18F-FDG PET/CT was performed 2–3 months after treatment finished to compare with the pretreatment images. The definition of chemoradiotherapy sensitivity was as follows: the sensitive group comprised patients with complete response (CR) and partial response (PR); the resistant group consisted of patients with stable disease (SD) and progression disease (PD).



Sequential MRI Acquisition

MRI examination with DWI and T2-weighted imaging (T2WI) in the axial orientation was sequentially performed at about 1–3 days before treatment, 5th fraction of radiation completed (5f), and 10th fraction of radiation completed (10f) as shown in Figure 1A. All patients were scanned using a 3.0 T MRI system (Achieva, Philips Medical Systems, Netherlands; Ingenia, Philips Medical Systems, Netherlands) with body phased-array coil anterior and spine array coil posterior. T2WI was performed by using a two-dimensional fluid-attenuated inversion recovery sequence (repetition time/echo time, 1,277 ms/70 ms; flip angle, 140°; bandwidth, 315 kHz; section thickness, 4 mm; slice gap, 1 mm; field of view, 350 × 350mm; matrix, 384 × 276; no. of slices, 24–36; imaging time, 5 minutes). DWI was performed by using a single-shot echo-planar imaging (repetition time/echo time, 1,244.7 ms/47.9 ms; flip angle, 140°; bandwidth, 260 kHz; section thickness, 4 mm; slice gap, 1 mm; field of view, 360 × 360 to 400 × 400 mm; matrix, 128 × 128; no. of slices, 24–36; imaging time, 5 minutes). The number of signal averaged (NSA) was 1. Diffusion gradients were applied in three orthogonal directions by different diffusion weightings (b-values) of 0, 300, and 600 s/mm2. Especially, b = 600 s/mm2 was assigned a NSA of 4 to improve the signal-to-noise ratio. Respiratory triggering was used.




Figure 1 | Workflow: (A) Magnetic resonance imaging acquisition schema and time ranges of the change of radiomics features. (B) Workflow for building radiomics signature-based prediction model.



The ADC map was generated automatically at the MR workspace (Philips Medical Systems Extended MR workspace, Netherlands) from DWI, which was overlayed and averaged in three directions with the b-value of 0 and 600 s/mm2.



ADC Value and Extraction of Original RFs

The location of the primary tumor was firstly identified on DWI (b = 600 s/mm2) as areas of high signal (Figure 2). Although it was not outlined on DWI, it assisted in accurately finding the corresponding location of the tumor in the ADC map. Regions of interest (ROIs) were manually drawn on the ADC map via a segmentation editor in the 3D Slicer software (version 4.10.0, http://www.slicer.org) (23). The definition of ROI was the region of the tumor that was of low signal in the ADC map but excluding the lumen. Every slice containing the tumor was outlined. These ROIs constituted a volume of interest (VOI) with the entire tumor visualized on the ADC map as showed in Figure 2. The mean tumor ADC value was calculated by averaging the measured ADC values of the VOI. For whole-tumor radiomics feature, the Slicer Radiomics, which was based on PyRadiomics program (Revision 2.2.0) in the 3D Slicer software, automatically extracted whole-tumor RFs from the three-dimensional reconstructed VOI (24). In our practice, resampled voxel size, LoG kernel sizes, and bin width were respectively set to 1, 1, and 25. In total, 851 RFs were extracted including 18 first-order statistics features, 14 shape-based (2D and 3D) features, 24 gray-level co-occurrence matrix (GLCM) features, 16 gray-level run length matrix (GLRLM) features, 16 gray-level size zone matrix (GLSZM) features, 5 neighboring gray tone difference matrix (NGTDM) features, 14 gray-level dependence matrix (GLDM) features, and 744 wavelet-based features. Detailed classification of the extracted RFs was summarized in Supplementary Table 1. In addition, the RFs mentioned in our study were consistent with the definition of the image biomarker standardization initiative (25).




Figure 2 | Sequential MR images in a 73-year-old male who underwent concurrent chemoradiotherapy with partial response. The value of b-factor of DWI in the figure was 600 s/mm2. t, time point; DWI, diffusion-weighted imaging; ADC, apparent diffusion coefficient; ROI, region of interest; VOI, volume of interest.





RF Selection

Selection procedures were performed on the pretreatment images with three steps.

Because DWI is susceptible to field inhomogeneities, large amounts of magnetization artifacts in the chest area, and patient movement, two consecutive DWI acquisitions of the same patient may give images with slightly different imaging characteristics, which may affect radiomics analysis. Thus, the first is to evaluate the repeatability of the radiomics features between two ADC maps in a short time by the intraclass correlation coefficient (ICC) method. Five extra patients with ESCC were enrolled before the first treatment in Shandong Cancer Hospital and Institute (Supplementary Table 2) who were not included in the training and internal testing sets. The interval between the two consecutive DWI scans was 5 minutes (Supplementary Figure 1). VOIs were delineated in the ADC map by an experienced radiologist (WL, with 20 years of experience in MRI), then the VOI was duplicated to the other ADC map from the same patient. The reliability coefficient of RFs was supposed to be higher than 0.75.

Secondly, to select RFs with high interobserver reproducibility, VOIs were delineated by two experienced radiologists (WL, appointed as reader 1; NS, appointed as reader 2 with 11 years of experience in MRI) who were blind to clinical information, treatment plan, and response about patients. Bland–Altman analysis was used to test the interobserver reproducibility of the RFs from the VOI delineated by different radiologists. The differences between the same parameters extracted from two readers’ delineation were plotted against their average and reported as a percentage. The lower and upper reproducibility limits were calculated as ± 1.96 standard deviations. In our case, the mean and standard deviation of the differences were supposed to be less than 5% and 10%, respectively, as stated in related work (26, 27).

Thirdly, to reduce the number of features and select the most significant features correlated with treatment response, the minimum redundancy maximum relevance (mRMR) algorithm was used to identify and rank the top 30 features. Finally, the selected RFs were applied in the training, internal, and external testing sets from the delineation of reader 1.



Change of the Mean of ADC Values and RFs

The changes of the whole-tumor ADC value between images of different time points were respectively calculated as follows:

 

 

 

where ΔADC1st week, ΔADC2nd week, and ΔADC2 weeks denoted the change of the ADC value within the 1st week, the 2nd week, and the first two weeks, respectively. Similarly, ADCpretreatment, ADC5f, and ADC10f denoted the ADC value of images acquired before treatment, after the 5th radiation, and after the 10th radiation, respectively.

The changes of the selected RFs were defined as the relative difference between each measurement as follows:

 

 

 

where ΔRF1st week, ΔRF2nd week, and ΔRF2 weeks denoted the change of RFs within the 1st week, 2nd week, and first two weeks, and RFpretreatment, RF5f, and RF10f denoted the RFs in images acquired before treatment, after the 5th radiation, and after the 10th radiation, respectively.



Construction of Prediction Model Based on Radiomics Signature

As shown in Figure 1B, RFpretreatment, ΔRF1st week, ΔRF2nd week, and ΔRF2 weeks were used to train a support vector machine (SVM) classifier in the training set, and then a radiomics signature was built by the trained classifier and evaluated in the internal and external testing sets. The cost‐based SVM classifier, which used the radial basis function kernel and a cost coefficient of 0.001, was trained by RFs with the 10-fold cross-validation. The SVM classifier transformed the feature space to a high-dimensional space where a separating hyperplane maximized the margin between classes. For each patient, the SVM classifier generated a radiomics signature for evaluating predictions of treatment response. The receiver operating characteristic (ROC) curves of obtained radiomics signatures in the training, internal, and external testing sets were analyzed and then tested by the DeLong test. The chi-square test was used to compare the predicted responses, which were corresponding to radiomics signatures in the internal testing with the signatures’ ground truth, i.e., treatment response evaluated by RECIST1.1. Afterward, the eligible radiomics signatures together with clinical characteristics were imported to a multivariate logistic regression-based prediction model to predict the sensitivity to treatment. Furthermore, the performance of radiomics signatures, the ADC value, clinical characteristics, and the regression model was assessed by the ROC curve, respectively. The area under the curve (AUC) was calculated, and the optimal Youden’s index was determined.



Statistical Analysis

Statistical analysis was performed using the R software (version 3.6.1, http://www.R-project.org). The ICC method, Bland–Altman method, mRMR approach, SVM classifier, logistic regression analysis, and ROC curve analysis were implemented based on the R packages “irr”, “BlandAltmanLeh”, “mRMRe”, “e1071”, and “pROC.” Chi-square test or t-test was used to examine the correlations between clinical features and treatment response. The differences in ADC and ΔADC values were compared between the sensitive group and the resistant group by Mann–Whitney U test. P-value < 0.05 was considered as an indicator of the statistically significant difference.




Results


Clinical Characteristics

In Shandong Cancer Hospital and Institute, eighty-five consecutive patients with ESCC were enrolled. Nine patients were excluded, given that the DWI of 6 patients were deformed or had high noise and 3 patients’ radiotherapy was interrupted. Finally, 76 patients were enrolled in the study during the period of enrollment from June 2014 to September 2019. Fifty-four of the 76 patients experienced clinical PR, 2 with CR and 20 with SD. Patients (n=76) were randomly assigned to training (n=53) and internal testing sets (n=23) in a ratio of 7 to 3. There was no significant difference in clinical characteristics between the training and internal testing sets (sex, age, tumor location, clinical T stage, lymph node status, and radiation dose) and treatment response in both sets (Table 1). In Anyang Tumor Hospital, twenty consecutive patients with ESCC were enrolled during the period of enrollment from April 2017 to May 2019. Three patients were excluded, given that 3 patients’ radiotherapy was interrupted. Finally, 17 patients were enrolled in the external testing set. Eleven of the 17 patients experienced clinical PR and 6 with SD. Clinical characteristics are presented in Table 1.


Table 1 | Patients and tumor characteristics association with treatment response in the training, internal, and, external testing sets.



We measured the voxel volume of the whole-tumor ADC map to substitute the tumor volume and the maximum 3D diameter and their changes between each time point. Supplementary Tables 3, 4 show that these parameters had no relationship with treatment response.



Association of Sequential ADC Value and Treatment Response

The mean values of ADCpretreatment, ADC5f, and ADC10f of all patients are shown in Table 2. All of the ADC values and relative changes during the first two weeks showed no significant difference between the sensitive and resistant groups in the training and internal testing sets. In the external testing set, ADC in the 5th radiation showed association with treatment response (p = 0.048). We noticed that the ADC value was gradually higher than before treatment as the treatment progressed.


Table 2 | Association between ADC values or ΔADC values and treatment response in the training, internal, and external testing sets.





Generation and Validation of the Radiomics Signature

A total of 560 RFs (Supplementary Table 5) were selected by the ICC method from two consecutive whole-tumor ADC map acquisitions in the same patient. Afterward, 224 RFs (Supplementary Table 6) were selected from pretreatment images in the training set via the Bland–Altman method, and 30 RFs (Supplementary Table 7) were finally chosen out according to mRMR. Most of these RFs were calculated to measure the local homogeneity of the image. To predict good and bad responder, four radiomic signatures based on an SVM classifier were respectively built with RFpretreatment, ΔRF1st week, ΔRF2nd week, and ΔRF2 weeks. The effectiveness of these 4 radiomics signatures to classify the sensitive group versus the resistant group is shown in Figure 3. Only the radiomics signature based on ΔRF2 weeks, denoted as R-Signature2 weeks, discriminated treatment response with an AUC value higher than 0.5 in the training set [AUC = 0.824, 95% confidence interval (CI): 0.679–0.968], the internal testing set (AUC = 0.744, 95% CI: 0.465–1.0), and the external testing set (AUC = 0.742, 95% CI: 0.478–0.919). No difference was found between the training and internal testing sets according to the results of the DeLong test (p = 0.580), nor between the training and external testing sets (p = 0.526). Compared with the evaluated response, the performance of response prediction in internal testing was acceptable (p = 0.048). The chi-square test of prediction results between R-Signature2 weeks in the training set and the internal testing set achieved a p-value of 1.000, which implied that the distribution of R-Signature2 weeks between the two sets was not statistically significantly different.




Figure 3 | Results of support vector machine classifier in the training, internal, and external testing sets with four kinds of radiomics features. (A) Result of SVM generating radiomics signaturepretreatment. (B) Result of SVM generating radiomics signature1st week. (C) Result of SVM generating radiomics signature2nd week. (D) Result of SVM generating radiomics signature2 weeks. NA in (B, C) means not applicable.





Combining Model Analysis

As elaborated in Supplementary Table 8, in the training set, the outputs of univariate logistics regression showed that tumor location and R-Signature2 weeks were separately associated with treatment response. We performed the tumor location and R-signature2 weeks to the prediction model of treatment response by multivariate logistics regression (Supplementary Table 9) in the three sets. R-Signature2 weeks was identified as an independent factor predicting treatment response in multivariate analysis in the three sets. Figure 4 shows the results of ROC analyses on the tumor location, R-Signature2 weeks, and the regression model in the prediction of treatment response in the training, internal, and external testing sets. Table 3 shows the effectiveness of our proposed regression model in discriminating the sensitive and resistant groups.




Figure 4 | Receiver operating characteristic curves analysis for tumor location, radiomics signature2 weeks, and regression model, respectively, in the training set (A) and the external testing set (B).




Table 3 | Performance of radiomics signatures and models for predicting treatment response in the training, internal, and external testing sets.






Discussion

In this study, a radiomics signature was developed that incorporated the change of RFs based on the whole-tumor ADC map for predicting treatment response to concurrent CRT in patients with ESCC. Compared with pretreatment, our study showed that the radiomics signature based on ΔRF2 weeks was able to predict the treatment response for evaluations in the following 2–3 months.

DWI-MRI was widely and routinely performed in kinds of tumors for diagnosis and treatment assessment. As designed in our study, ADC values were obtained at pretreatment, after the 5th radiation, and after the 10th radiation. However, the mean value of pretreatment ADC was not significantly different between sensitive and resistant groups, which was consistent with the studies of Kozumi in patients with ESCC undergoing concurrent CRT (11). In fact, results of prediction of treatment response using ADC or ΔADC were not consistent among previous studies, or even the opposite (8–10, 12). In our study, ADC5f in the external testing showed association with treatment response, which was different from those in the training and internal testing sets. Since the diffusion movement of water molecules in the tissue was closely related to the distribution of the intratumoral structure, the ADC value tended to be affected by many factors, such as cell density, nuclear area, nuclear–cytoplasmic ratio, tumor angiogenesis, and proteins (28–30). In addition, tissue edema commonly occurred during CRT because of changes in blood perfusion, cell death, and blocked lymphatic drainage induced by radiation and cytotoxicity, which further caused the change of the ADC value (31). We observed that the ADC value increased in both the sensitive group and the resistance group, but only one set of positive results was obtained in the external testing set. Thus, ADCpretreatment and the changes during the first ten radiations were limited in predicting the treatment response.

The mean value of ADC and ΔADC reflected the average level of the Brownian motion of water molecules and a rough change in the whole tumor, while radiomics offered more heterogeneity information involving the above molecular and pathologic characteristics in different regions. The rise of radiomics using quantitative image features of tumors provided an opportunity for the development of predictive biomarkers (32). Over the years, although several studies on the prediction performance of radiomics analysis to treatment response had been reported in patients with esophageal cancer, the predictive radiomics features were hard to reproduce since there were thousands of RFs and diverse selection criteria. For example, in the 18F-FDG PET, different radiomics features were found with discriminatory capability in predicting response to CRT in patients with esophageal cancer (33–35). Many researchers are committed to the standardization and unification of radiomics due to its virtue of convenience to use (36, 37). In our study, the radiomics signature was developed from 30 radiomics features from pretreatment images, and these radiomics features were selected with high interobserver reproducibility, high relevance, and low redundancy. Nevertheless, it was inadequate to predict the response merely using RFs from pretreatment images as what the single-shot image modeling did.

In our study, the selected features were extracted from a four-gray-level matrix, which was the ADC value matrix in the ADC map. Sixteen selected feature names were explained representing homogeneity or heterogeneity. The interpretation of other features was based on their calculation, including the distribution pattern of gray and the neighborhood intensity of the image. Their changes are recorded by ΔRFs. We proposed to train an SVM classifier by the RFs extracted from the images of four time points, including RFpretreatment, ΔRF1st week, ΔRF2nd week, and ΔRF2 weeks. R-Signaturepretreatment showed no correlation with treatment response. Instead, containing the change of whole-tumor heterogeneity over treatment, the  radiomics signature based on ΔRF2 weeks predicted the treatment response with an accuracy of 0.887, 0.826, and 0.765 in the three sets, respectively. In this study, the trend of ADC change during the initial two weeks showed an increase with no correlation with treatment response. This increase was thought to reflect the reduction in cell membrane integrity and changes in tumor cell numbers due to cytotoxic drugs and radiation, resulting in less restriction on the Brownion motion of water molecules (12). As the treatment progressed, tumor cells gradually decomposed and were absorbed, and the blood vessels and fibers in the microenvironment changed together. During this time, the changes of internal structures were not synchronized due to heterogeneity including different cell-cycle, oxygen status, and proliferative potential (38, 39). Our study was designed to record meaningful changes as early as possible (40). By screening radiomics features, effective predictions can be made through statistical methods. The results showed that the larger the time span, the more significant the changes obtained in radiomics features. Delta-radiomics has previously been used for the prediction of response to tumor treatment with ADC maps and CT (41, 42). As radiation and reaction to cytotoxic drugs accumulated, early changes from the tumor interior were recorded and quantified by a ratio that reduced the variability of the data. Moreover, Nasief et al. predicted the treatment response for CRT of pancreatic cancer by combining CT-based delta-radiomics and increasing CA19-9 (43).

In our study, esophageal tumor location was associated with treatment response in the training and external testing sets, while few studies had reported that the location of primary tumors was associated with the sensitivity of CRT in ESCC. One explanation was that biases existed in the clinical characteristic distribution in different responders with treatment due to the small sample size. Such as the result in the internal testing set, although the AUC changed, there was no increase in diagnostic performance. The other one was that the uneven dose distribution reduced the treatment effect since cervical esophagus had physiological curvature affected by the peripheral anatomical structure (44). The association of tumor locations and treatment response was to be further investigated in a larger cohort.

Our study had several limitations. Firstly, although an external testing set was included, the cohort of our study was still small. A multicenter study with a larger patient cohort is required. Secondly, though several selected procedures were used, esophageal tumors were manually delineated, which introduced an uncertain level of observer dependency. Thirdly, compared with RECIST 1.1 in the definitive cCRT, the pathological evaluation of neoadjuvant CRT was more convincing, and a systematic control comparison was supposed to be studied in the future.

In conclusion, we developed a radiomics signature-based model that incorporated the early change of RFs based on the sequential whole-tumor ADC map to predict treatment response to cCRT in patients with ESCC. This model provided a solution to quantify intratumoral changes and utilized them to guide treatment planning at an early date.
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Purpose

The purpose of this work is to explore delta-radiomics texture features for predicting response using setup images of pancreatic cancer patients treated with magnetic resonance image guided (MRI-guided) stereotactic ablative radiotherapy (SBRT).



Methods

The total biological effective dose (BED) was calculated for 30 patients treated with MRI-guided SBRT that delivered physical doses of 30–60 Gy in three to five fractions. Texture features were then binned into groups based upon BED per fraction by dividing BED by the number of fractions. Delta-radiomics texture features were calculated after delivery of 20 Gy BED (BED20 features) and 40 Gy BED (BED40 features). A random forest (RF) model was constructed using BED20 and then BED40 features to predict binary outcome. During model training, the Gini Index, a measure of a variable’s importance for accurate prediction, was calculated for all features, and the two features that ranked the highest were selected for internal validation. The two features selected from each bin were used in a bootstrapped logistic regression model to predict response and performance quantified using the area under the receiver operating characteristic curve (AUC). This process was an internal validation analysis.



Results

After RF model training, the Gini Index was highest for gray-level co-occurrence matrix-based (GLCM) sum average, and neighborhood gray tone difference matrix-based (NGTDM) busyness for BED20 features and gray-level size zone matrix-based (GLSZM) large zones low gray-level emphasis and gray-level run length matrix-based (GLRLM) run percentage was selected from the BED40-based features. The mean AUC obtained using the two BED20 features was AUC = 0.845 with the 2.5 percentile and 97.5 percentile values ranging from 0.794 to 0.856. Internal validation of the BED40 delta-radiomics features resulted in a mean AUC = 0.567 with a 2.5 and 97.5 percentile range of 0.502–0.675.



Conclusion

Early changes in treatment quantified with the BED20 delta-radiomics texture features in low field images acquired during MRI-guided SBRT demonstrated better performance in internal validation than features calculated later in treatment. Further analysis of delta-radiomics texture analysis in low field MRI is warranted.
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Introduction

Radiomic analysis is the extraction of quantitative image descriptors from radiographic images. Radiomic texture features quantify image gray-level spatial relationships that are hypothesized to represent a tumor’s underlying microenvironment (1). Tumor heterogeneity presents a major obstacle for personalized medicine and effective treatment, and quantification of the heterogeneity could provide valuable insight (2, 3). Utilization of radiomic features is attractive, as it can provide a non-invasive patient-specific biomarker based on routinely acquired images (4–6). Interest in radiomic texture features intensifies, as they are found to have utility in predictive modeling, support clinical decision-making, and are linked with phenotypic and genetic profiles of various cancers (7–9).

Application of radiomic analysis in pancreatic cancer patients is of particular interest due to the poor treatment outcomes. The incidence of pancreatic cancer continues to increase with a low 5-year overall survival of approximately 9% and is predicted to be one of the top 5 contributors of cancer deaths among men and women in the United States in 2021 (10). Surgery offers patients with pancreatic ductal adenocarcinoma (PDAC) the best chance of long-term survival, but only a minority of patients, 15%–20%, qualify for resection (11). Patients diagnosed as having borderline resectable or unresectable disease generally receive upfront chemotherapy (nCRT) followed by stereotactic body radiation therapy (SBRT) (12–14). This regime can induce changes in the gross disease and allow patients to qualify for surgery. Furthermore, SBRT has improved complete pathological response rates from 2.5% to 7.8% (15). Real-time disease monitoring via radiomic analysis may provide valuable personalized information that could lead to beneficial adaptation of the patient care path and improved outcome.

The requirement and desire for better visualization of tumor target and organs at risk locations in patient populations like PDAC patients during therapy have driven the development of new image guidance technology. Magnetic resonance imaging (MRI)-guided radiotherapy units provide an ideal platform for treatment of pancreas SBRT patients because of the ability to acquire high-quality images. MR images have improved soft tissue contrast compared to traditional X-ray guidance modalities and allow for safe dose escalation and avoidance of critical organs in proximity to the target. The daily MRIs acquired prior to each treatment are a by-product of the patient care path but may contain valuable information about patient disease over the course of treatment. These daily images provide an opportunity for constructing models predictive of treatment response for PDAC patients using radiomic analysis. A previous work has indicated that the low field strength MR images provide an adequate base for texture analysis (16). Furthermore, a longitudinal image series may bring the opportunity to monitor tumor microenvironment changes during treatment.

Using the average radiomic feature value throughout the treatment demonstrated possible prognostic utility, but consideration of the time that a prediction is made is important (17). A prediction made too late in the treatment is not ideal because the knowledge provided is unlikely to positively impact a patient’s care. Interest and application of radiomic texture features has shifted towards delta-radiomics, which considers changes in radiomic feature values in response during treatment. Delta-radiomics may provide valuable patient-specific outcome prediction with multiple fractions remaining. Indication of disease response prior to the end of radiotherapy treatment could provide valuable information for physicians to consider options for the remainder of the treatment. A limited number of studies have explored delta-radiomic analysis on diagnostic images acquired prior, periodically during, or after treatment (18–21). Nasief et al. used delta-radiomics texture features calculated as the change relative to pre-fraction values extracted from CT images of pancreatic cancer patients to predict treatment outcome (22). High-contrast diagnostic images with better resolution are generally considered ideal for radiomics analysis; however, the limited number of images could limit exploration of delta-radiomics. The increased reliance on imaging in radiation oncology is producing longitudinal image series. The indication of prognostic performance of delta-radiomics features extracted from cone beam computed tomography images was encouraging and has led to further interest in using setup images from other modalities (23). MRI-guided units produce daily setup images for each patient with previous work from our group, indicating that these images may provide a basis for radiomics analysis (24). Radiomics analysis of low field MRIs has gained popularity, but delta-radiomics analysis of images in SBRT for response prediction in PDAC patients is still evolving. The purpose of this study is to use low field strength MR images acquired prior to each daily treatment of PDAC patients treated with MRI-guided SBRT to evaluate the feasibility of using delta-radiomic features for predicting patient response.



Materials and Methods


Patient Database

To qualify, patients should have biopsy-confirmed PDAC, including locally advanced or borderline resectable disease. Additionally, each patient should have completed chemotherapy prior to MR-guided SBRT. Patients’ individual treatment schedules were used to group fractions with similar amounts of delivered dose together. The total biological effective dose (BED) was calculated for each patient using an alpha/beta ratio = 10 (25). Patients were treated with three to five fractions (1–2 weeks), with a total BED ranging from 54.8 to 132 Gy with a median of 100 Gy (physical dose ranging from 30 to 60 Gy and a median of 50 Gy). Treatments were planned and adapted as needed using an isotoxic approach to escalate the dose to the target until organs at risk dose constraints neared their maximums (26).

Patient treatment response was based upon post-surgery pathology or post-treatment imaging studies. Treatment response for patients who had undergone curative-intent resection following SBRT utilized tumor response grading with the College of American Pathologists (TRG-CAP). Response for patients with imaging studies was determined according to modified response evaluation criteria in solid tumors (mRECIST 1.1) (27, 28). A previously used binary response classification scheme was used to assign each patient to the responder (RS) or non-responder (NR) category (17). Response for patients able to undergo resection was determined using TRG-CAP. TRG-CAP scores ≤2 were considered responders and a score = 3 as NR. For patients who did not qualify for curative resection, follow-up imaging using mRECIST 1.1 criteria was utilized and was determined using dynamic CT, MRI, or PET images acquired within 1–3 months after SBRT.



Daily Setup Images and Volume Delineation

Daily images were acquired on the 0.35-T split-bore MRI-guided radiation treatment unit prior to each daily treatment (MRIdian, ViewRay Inc., Cleveland, OH). Images utilized for this work were acquired using the clinical pulse sequence. The sequence is a true fast imaging with balanced steady-state free procession pulse sequence (bSSFP). bSSFP is a popular choice for MR-guided RT systems because of the short acquisition time needed for volumetric image acquisitions, high signal contrast in soft tissue, insensitivity to motion, and minimal spatial integrity perturbation. The images contained a blend of T1- and T2-weighted visual characteristics (29). Clinical setup images were acquired with 1.5 × 1.5 × 3.0 mm3 voxel dimensions. Three variations of the clinical bSSFP sequence were included and can be seen in Table 1. The inclusion of multiple variations of the same pulse sequence was deemed acceptable because of identical acquisition times, identical voxel sizes, identical flip angles, and similar repetition time (TR) and echo time (TE) (30). Any difference in parameters should have a minimal impact on feature value. Images of patients with arms above their heads were acquired using an MR-compatible board and surface coil. After patients finished treatment, the images were exported to MIM Maestro v6.5.5 (MIM, Software, Cleveland, OH) for contouring. The gross tumor volume (GTV) was contoured on each daily setup image by a radiation oncologist with expertise in PDAC.


Table 1 | The three versions of the bSSFP pulse sequence employed by the MR system for alignment of patients prior to radiotherapy delivery.





Radiomic Texture Feature Extraction

After contouring, the GTVs were exported from MIM to be processed in MATLAB 2020b (The MathWorks, Inc., Natick, MA). Prior to radiomic texture feature calculation, the intensity range of each GTV was normalized by limiting the dynamic range using the methods of Collewet et al., the “± 3σ” method (S4) (31). The GTVs were then quantized to 64 gray levels with the histogram equalization method using a combination of in-house programs and publicly available codes (24, 32). Radiomic texture features belonging to gray-level co-occurrence matrix-based (GLCM, IBSI aggregation code IAZD), gray-level size zone matrix-based (GLSZM, IBSI aggregation code KOBO), gray-level run length matrix-based (GLRLM, IBSI aggregation code IAZD), and neighborhood gray tone difference matrix-based (NGTDM, IBSI aggregation code KOBO) were calculated from each daily setup image (33–39). Details regarding aggregation codes and feature names for the 39 radiomic texture features are displayed in Table 2. Five radiomic features were modified in accordance with that of Fave et al. to remove some intrinsic volume dependence (40).


Table 2 | Second-order radiomic texture features serving as the basis for the delta-radiomics texture features.



All radiomic texture features were calculated via the 3-D definitions using the 26-nearest neighbor voxels. GLCM-based features were calculated using a voxel displacement of one. The GLCM is populated by calculating the probability of gray-level intensities occurring together within a given region. While the GLCM records two voxel intensities, GLSZM and GLRLM record connected isotone zones and regions, respectively. Coordinates in the GLSZM correspond to the probability of a zone of a gray level of a size occurring with the region of interest. Similarly, the GLRLM encodes the probability of a gray level occurring in a connected run of a certain size. The NGTDM records the average difference between each gray level and the voxels surrounding it. Each radiomic texture feature sums over the probabilities within the class matrix. The result is a single descriptive number for each feature emphasizing different characteristics of gray-level intensity relationships within the image.

Two sets of delta-radiomics texture features were calculated for each patient using the BED/fraction to group features calculated from different time points into similar delivered dose regions. The total BED was divided by the number of fractions and serves to represent features as a function of time and of dose. Delta-radiomics features were calculated by taking the difference in feature values between pre-radiation images (fraction 1 setup images) and then after a certain amount of dose was delivered. Specifically, for this patient cohort, the following dose bins of 20 and 40 Gy were used and named BED20 and BED40, respectively. BED20 features were calculated after the delivery of 20–30 Gy and BED40 features after 40 Gy.



Radiomic Texture Feature Selection and Analysis

A supervised machine learning approach, random forest (RF), was used to explore the data and select potentially predictive features using a two-step process (41). RF is an ensemble method that creates many weaker learners called decision trees by splitting the training data and combining many decision trees into a forest. Combining the weak learners allows the model to overcome variability in the data and is considered a strong learner (42). The first step of the process was to select potentially prognostic values using the Gini Index that quantifies how important each feature is for accurate predictions during RF model training (43). An RF model was trained using BED20 or BED40 delta-radiomics texture features to predict binary patient outcome. The Gini Index, a measure of variable importance for predictive accuracy, was obtained during model training by calculating the out-of-bag error using bootstrapped datasets from building 500 trees (weak learners) in R (R Foundation for Statistical Computing, Vienna, Austria) (42). The top 2 ranking features were evaluated using an internal validation approach to avoid overfitting due to the limited sample size of patients. A bootstrapped logistic regression model was used to evaluate the pre-selected delta-radiomic features by bootstrapping the data 1,000 times and selecting two-thirds (20 patients at a time) to construct the logistic regression. The resulting model was used to predict the outcome for all patients and to calculate area under the receiver operating characteristic curve (AUC) for each iteration. The numbers reported are internal validation AUCs based upon the 2.5 and 97.5 percentile values, and the mean value of the 1,000 iterations.




Results


Patient Database

A total of 30 patients were included for analysis. The RS group consisted of 11 patients with complete or partial responses. The patients with progressive and stable diseases were included in the NR group and totaled 19. Table 3 displays each patient’s response along with the total BED and delivered BED/fraction.


Table 3 | Characteristics of patients included for delta-radiomics texture analysis.





Feature Selection and Analysis

The delta-radiomics texture features selected by each model as important for prediction during model training can be seen in Figure 1. Based on the Gini Index, GLCM sum average and NGTDM busyness were selected for further analysis during RF model training for BED20-based delta-radiomics texture features, as seen in the top half of Figure 1. The higher the value of the Gini Index is, the more important the feature is for model predictive accuracy. The other features included were ranked lower based on the Gini Index, indicating less predictive importance. For the BED40 delta-radiomics texture features (bottom of Figure 1), GLSZM large zones low gray-level emphasis and GLRLM run percentage were selected as most important for model prediction accuracy. The Gini Index values for the top 6 features were ranked closer to each other than the BED20-based features. The results of the bootstrapped logistic regression modeling using the respective features are displayed in Table 4. Delta-radiomics features extracted early in treatment, BED20-based features, achieved higher AUCs than the BED40 features. The mean internal validation AUC obtained during the bootstrapped logistic regression using the BED20 features with the percentile range from 2.5% to 97.5% was AUC = 0.845 [0.794–0.856]. The mean AUC for the BED40 delta-radiomics was AUC = 0.567 [0.502–0.675].




Figure 1 | Plots of the mean decrease in the Gini Index used to select the two most important deltaradiomics texture features after training the RF to predict binary outcome. The top plot consists of the BED20-based radiomics texture features and the bottom contains the BED40-based features.




Table 4 | The left column contains row labels for the BED20 (middle column) and the BED40 (right column) for relevant radiomic texture features selected by the Gini Index and their internal validation AUCs obtained from bootstrapped logistic regression analysis.



The ROCs calculated during the logistic regression analysis and the RF model ROC estimates are displayed in Figure 2. The values of the top 2 BED20 delta-radiomics texture features are displayed in Figure 3, with the Y-axis as the mean radiomic texture feature values and the X-axis containing the bin for delivered dose that the feature values were assigned to for RS and NR patients for the two most predictive delta-radiomic texture features selected at the BED20 timepoint. The features are graphed as the percent change from pre-RT values for each feature and group of patients. The RS group generally had small increases in GLCM sum average values (negative percent change from pre-RT values) from pre-radiation features to BED20, then values return to near pre-treatment levels by the BED40 timepoint. Most of the NR group features decreased at BED20 (positive percent change) and returned to approximately pre-radiation levels also. NGTDM busyness increased from pre-radiation values to BED20 for both RS and NR. While the RS group’s features had little change between BED20 and BED40, the NR group’s features continued to increase in the same period.




Figure 2 | The black ROC curves represent the RF model estimates based on model training. The RF model AUC = 0.876 for BED20 and AUC = 0.601 for the BED40 RF model. The gray curves represent the returned bootstrapped logistic regression produced using the top two features, with an average AUC = 0.845 for BED20 and AUC = 0.567 for BED40-based features.






Figure 3 |  The values of the top two performing texture features in terms of internal validation AUC from the BED20 model. Y-axes are the percent change relative to the pre-RT (0 Gy) values graphed at each point of 20 Gy and 40 Gy. The plots display the mean percent change in each feature value, the points, the ranges represent the range of the standard error from the means.






Discussion

Delta-radiomics using patient setup imaging was initially explored by Fave et al. using CBCT images of lung patients (23). The concept of monitoring changes in disease via radiomic texture features induced by treatment is beginning to take hold with the increased reliance of imaging in radiation oncology. Jeon et al. calculated delta-radiomics texture features from T2-weighted diagnostic MR images acquired before and after preoperative chemoradiotherapy in locally advanced rectal cancer patients (18). The region of interest was a dynamic range limited using the Collewet method and quantized to 64 intensity levels, as in this work. The study investigated the predictive ability with local recurrence, distant metastasis, and disease-free survival as endpoints. They selected a least absolute shrinkage and selection operator (LASSO) model to preselect delta-radiomics texture features and used a Cox regression analysis to determine the prognostic ability of the features. Delta-radiomic features were predictive of all study outcomes. Interestingly, GLCM sum average and GLSZM large zone low gray-level emphasis were selected in their study as predictive. Only second order texture features were included for this work for a few reasons. The number of features was limited to keep the feature space small for the limited sample size of patients. The texture features included have been a mainstay in radiomics texture analysis studies, since their introduction and previous work conducted by the authors included repeatability analysis of the same features included in this work (24). Lastly, as the feature space begins to include higher order texture features, the interpretability of such features can become very difficult.

Fave’s work exposed the possibility of extracting predictive information from low-quality setup images and set the stage for applications in low field strength daily patient setup MR images. Boldrini et al. used 0.35-T setup images of rectal cancer patients acquired at fractions 1, 5, 10, 15, 20, and 25 to predict complete clinical response (16). Delta-radiomics features were defined as the ratio between pre-RT (fraction 1 setup image) subsequent time points. The most predictive timepoint was after the delivery of 22 Gy (physical dose). GLCM energy, GLRLM gray-level nonuniformity, and least axis length were selected as predictive of complete clinical response. Although only 16 patients were included, the selection of GLCM energy as one of the best radiomic predictors is encouraging.

Nasief et al. used CT-based delta-radiomics texture features extracted from pancreatic cancer patients treated with 28 fractions of CT-guided chemoradiation therapy to predict pathological response (22). Delta-radiomics texture features were calculated using the relative change in feature values from fraction 1 to each subsequent fraction. Comparisons of the current study and Nasief et al. should be minimized due to the differences in imaging modalities and fractionation, but Nasief et al. were able to achieve an AUC = 0.94 that is very encouraging of the performance of delta-radiomics texture features. A recent study by Cusumano et al. used 35 pancreatic cancer patients and considered radiomic texture features extracted from time points defined by delivered BEDs of 20, 40, and 60 Gy to predict local control following MR-guided RT (44). The patient library used for their work included patients treated with 5 fractions (17 patients) and 15 fractions (18 patients), and the use of BED was used to group patients to similar points in treatment. In our current study, the BED was used to group changes in features with delivered BED. Cusumano et al. extracted a total of 60 radiomic texture features that adhered to IBSI feature definitions. One feature calculated at the BED 40 Gy time point was predictive of local control at 1 year, with AUC = 0.78 and with 95% confidence interval of 0.61–0.94 but did not overlap with the features selected in this study. The large confidence interval could easily be attributed to the heterogeneity of fractionation of the patient population, and it is possible that different features could be prognostic at different points in time for different study endpoints. The pancreatic patients in this current work are all treated with SBRT, while Cusumano et al. used hypo-fractionated and SBRT patients. The results of this work suggested that changes induced from a baseline pre-RT value early in SBRT may have clinical utility. With both studies, the way response has been defined is likely an oversimplification of response, and the underlying biology and the accuracy of delta-radiomics feature analysis could be suppressed.

There are a few shortcomings of this study. Besides possibly oversimplifying response, the use of mRECIST for response determination is less than ideal, as it relies itself on imaging-based evaluation. Expansion of the library to include more patients with pathology-based responses could significantly strengthen results, as the response for 10 patients was determined with pathology (versus 20 using mRECIST) in this work. The development and further validation of more specific response evaluation methods, such as PET response criteria in solid tumors (PERCIST) and/or metabolic imaging, might help increase certainty of classifying patients as RS and NR (45). The relatively small sample size may not represent a fair sample of the true patient population, and a larger patient cohort is being pursued that will allow external validation. The use of the internal validation AUC in this study served its purpose, providing a common measuring stick to evaluate whether delta-radiomics texture analysis is feasible and could contain predictive utility. Although the behavior of the features in Figure 3 is easy to see when graphed and analyzed, it is disconnected from any underlying changes to the tumor microenvironment. In addition, from Table 3, it is apparent that the time and range of dose delivered between the pre-RT (fraction 1 setup scan) and BED40 point compared to the BED20 point is spread out. Without correlation studies and larger patient cohorts, it is difficult to understand that the underpinnings GLCM sum average and NGTDM busyness are quantifying. This is a portion of research that radiomics texture features must bridge prior to wide clinical acceptance. The BED20 delta-radiomics texture features could be capturing and quantifying an initial inflammatory mechanism, a change in tumor signaling, or even just the altering of the physical cellular structure after radiation damage. It is possible that by the BED40 dataset’s acquisition, the delta-radiomics has become too heterogenous to extract any predictive features in the small cohort of 30 patients, or these mechanisms have simply stopped. Lastly, but always prevalent in radiomic texture analysis studies, variability in target volume contouring may impact results.



Conclusion

This work sought to explore the application and feasibility of delta-radiomics texture analysis in low field strength daily MR setup images. While it remains to be seen if the predictive power of the delta-radiomic texture features selected and the method of analysis utilized in this study will hold in a larger patient cohort, the application of delta-radiomics should be further pursued. The workflow developed in this study could be easily modified and applied to larger data sets as a step in building clinical models and applied to other clinical sites. Changes detected early in treatment could provide valuable information with time left for physicians to consider changes to the treatment regime, including further dose escalation or alternative immunotherapies. Further expansion of the patient library using more patients, external validation, and exploration of a multi-institutional dataset for building a model would appear to be justified.
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Objectives

Spread through air spaces (STAS), a new invasive pattern in lung adenocarcinoma (LUAD), is a risk factor for poor outcome in early-stage LUAD. This study aimed to develop and validate a CT-based radiomics model for predicting STAS in stage IA LUAD.



Methods

A total of 395 patients (169 STAS positive and 226 STAS negative cases, including 316 and 79 patients in the training and test sets, respectively) with stage IA LUAD before surgery were retrospectively included. On all CT images, tumor size, types of nodules (solid, mix ground-glass opacities [mGGO] and pure GGO [pGGO]), and GGO percentage were recorded. Region of interest (ROI) segmentation was performed semi-automatically, and 1,037 radiomics features were extracted from every segmented lesion. Intraclass correlation coefficients (ICCs), Pearson’s correlation analysis and least absolute shrinkage and selection operator (LASSO) penalized logistic regression were used to filter unstable (ICC < 0.75) and redundant features (r > 0.8). A temporary model was established by multivariable logistic regression (LR) analysis based on selected radiomics features. Then, seven radiomics features contributing the most were selected for establishing the radiomics model. We then built two predictive models (clinical-CT model and MixModel) based on clinical and CT features only, and the combination of clinical-CT and Rad-score, respectively. The performances of these three models were assessed.



Results

The radiomics model achieved good performance with an area under of curve (AUC) of 0.812 in the training set, versus 0.850 in the test set. Furthermore, compared with the clinical-CT model, both radiomics model and MixModel showed higher AUC and better net benefit to patients in the training and test cohorts.



Conclusion

The CT-based radiomics model showed satisfying diagnostic performance in early-stage LUAD for preoperatively predicting STAS, with superiority over the clinical-CT model.





Keywords: adenocarcinoma, radiomics, spread through air spaces, lung cancer, stage IA



Introduction

In 2015, spread through air spaces (STAS), a novel invasive pattern in lung cancer, was recognized by the World Health Organization (WHO) Classification (1). STAS has been reported to occur in 14.8-56.4% of lung adenocarcinomas (LUADs) (2–5). Recent reports have shown that the presence of STAS is an independent risk factor for recurrence and low overall survival in small or early-stage LUAD (4, 5). Moreover, preoperative detection of STAS could help choose an appropriate surgery type (6, 7). Correspondingly, Ren et al (6) reported patients with STAS undergoing sublobar resection have a higher rate of pulmonary metastases than patients with STAS administered a lobectomy (25.8% vs 8.2%). Another study (7) showed the presence of STAS is associated with higher cumulative incidence of recurrence (CIR) and death (CID) in patients with sublobar resection compared with those undergoing lobectomy (5-year CIR, 39% vs. 16%; 5-year CID, 16% vs. 8%). Thus, it is critical to determine the STAS status in LUAD prior to the surgical decision-making.

It has been previously reported that some CT findings, including maximum tumor diameter, nodule type and percentage of the solid component, are related to STAS, with promising diagnostic efficacy (0.64-0.77) (8–11). However, the identification of these CT-based morphological features depends on the radiologist’s experience. Furthermore, the use of such qualitative CT features to predict STAS could inevitably lead to inestimable misdiagnosis and overdiagnosis. Radiomics is a characterization algorithm that can extract and analyze a large number of quantitative image features from medical images (12). Numerous studies have revealed the promising potential of radiomics in predicting gene mutations (13, 14), lymph node metastasis (15), therapeutic response (16) and clinical prognosis (17) in lung cancer. Two recent studies performing radiomics analysis of STAS have predicted the existence of STAS by establishing different models (18, 19); the established radiomics models achieved moderate performances for STAS prediction with areas under the curves (AUCs) of 0.63 and 0.754, respectively. However, none of the two studies compared the radiomics signature-based and clinical or CT morphological features-based models. This is of great interest because the introduction of radiomics into routine the clinical workflow is unlikely to be accepted if it does not provide additional predictive value compared to clinical factors or morphological CT features. Consequently, in the present study, in addition to establishing a radiomics model and assessing its capabilities, we simultaneously developed the clinical-CT and mixed models, and compared their predictive values for the STAS status.



Materials and Methods

This retrospective study was approved by the Ethics Committee of Wuhan Union Hospital (S377), and the requirement for written informed consent was waived.


Patients and Inclusion Criteria

A total of 1051 patients with Stage IA adenocarcinoma (T1a-cN0M0) confirmed by curative surgery between September 2015 and July 2021 in Wuhan Union Hospital were retrospectively assessed. Then, 126 patients were excluded according to the following exclusion criteria (1): previous chemoradiotherapy (n=45); (2) a history of lung operation (n=17); (3) no thin-section CT before treatment (n=44); or (4) no plain chest CT imaging (n=30, Figure 1). As shown in Figure 1, the incidence of STAS in our institution was relatively low (169/923,18.3%). To overcome potential data imbalance, we randomly divided the STAS-negative cases by 3:7 into groups and matched them with the STAS-positive group at a nearly 1:1 ratio. Such method for balancing data has been validated in previous studies (11, 18, 20). Due to the fact that the incidence of STAS negative is higher than that of positive cases, we divided the negative data by a ratio of 3:7(226 cases) rather than 2:8(150 cases) to ensure the STAS negative cases were slightly larger than the positive ones. In addition, we had reperformed these models by 2:8 ratio for divide the negative data, and found that this ratio does not affect our main conclusions. In total, 395 patients (226 STAS negative and 169 STAS positive cases) were included, which were randomly assigned into training database (316 patients) and test dataset (79 patients), with a ratio of 0.8:0.2. In the train cohort, 136 patients were presented as STAS positive while 180 were negative. In the test cohort, 33 cases were positive for STAS while 46 were negative for STAS. All included patients had single lung adenocarcinoma.




Figure 1 | Study flowchart. STAS, spread through air spaces; STAS+, presence of STAS; STAS-, absence of STAS.



The patients’ clinical characteristics and pathological findings, including age, sex, smoking history, histologic subtypes, surgical margin, lymphatic metastasis, epidermal growth factor receptor (EGFR) mutations and anaplastic large-cell lymphoma kinase (ALK) were recorded. A history of smoking was defined as lifetime exposure to more than 100 cigarettes. TNM staging was performed according to the IASLC 8th TNM Lung Cancer Staging System (21).



Histopathological Analysis

Two pathologists (JF and NW, with 4 and 10 years of experience in thoracic pathology, respectively) blinded to clinical findings re-evaluated the hematoxylin and eosin-stained slides of all included patients using a multiheaded microscope. The predominant subtype of lung adenocarcinoma was assessed based on the International Association for the Study of Lung Cancer/American Thoracic Society/European Respiratory Society multidisciplinary classification of LUAD. STAS positivity was defined according to the WHO definition of STAS as tumor cells were found in the lung air spaces beyond the edge of the primary tumor, which is mainly composed of the following three forms: (1) air spaces filled by micropapillary structure without central fibrovascular cores; (2) air spaces filled by the solid component of the tumor; (3) air spaces filled by multiple discrete and single cells(1). After independent assessments, differences were resolved by consensus.



CT Acquisition

CT was performed on two multislice spiral CT scanners (SOMATOM Definition AS+ and Siemens Healthineers, Germany) at our institution, using the following parameters: detector collimation widths, 64 x 0.6 mm and 128 x 0.6 mm; tube voltages, 120 kV. The tube current was regulated by an automatic exposure control system (CARE Dose 4D). Images were reconstructed at a slice thickness of 1.5 mm or 1 mm and an interval of 1.5 mm or 1 mm. No contrast medium was used. Digital Imaging and Communications in Medicine (DICOM) images from the picture archiving and communication system (PACS) were imported to the 3D-slicer software.

Two senior radiologists (HSS and JLZ, with 31 and 25 years of experience in thoracic radiology, respectively) evaluated the CT images to determine tumor size (longest diameter in MPR images), tumor density type (solid, mix ground-glass opacities [mGGO], and pure GGO [pGGO]), and GGO ratio (GGO diameter/tumor diameter) in consensus on the PACS. These specific CT features were chosen as the most contributing risk factors for STAS in patients with LUAD (8–11). The above two radiologists blinded to clinical and histologic findings assessed CT features on both axial CT and multiplanar reconstruction (MPR) images.



Radiomics Feature Extraction

The regions of interest on CT images were semi-automatically delineated layer by layer by three junior radiologists (XH, YZ and JX with 5, 3 and 2 years of experience in thoracic imaging, respectively). All the three radiologists were aware of tumor presence and location but unaware of the pathological reports and STAS status. The 3D-slicer software was used for segmenting the lesions on each slice of CT scans semi-automatically and independently. Then, the three-dimensional volumes of interest (3D-VOIs) of tumors were automatically reconstructed with the 3D-slicer software (Figure 2). Two senior radiologists (HSS and JLZ) were responsible for checking all tumor segmentations, and any deviations were addressed with additional corrections. As reported in a recent publication (22), the semi-automatic segmentation from the 3D-Slicer is a better alternative to manual segmentation, as it can produce more robust and reproducible radiomic features. In addition, we randomly selected 40 cases at a ratio of 1:10 of all sample (396 cases) for estimating intraclass correlation coefficients (ICCs) analysis, which could ensure the precision and assurance of results (23). One observer (XH) repeated the segmentation after one week for intra-observer variability analysis. The other observer (YZ) performed the segmentation on the same image set using the same method, for inter-observer variability analysis.




Figure 2 | Radiomics workflow.



The Philips Radiomics Tool (Philips Healthcare, China) was used for radiomics feature extraction, and core feature calculation was based on pyRadiomics (24). A B-spline curve interpolation algorithm was used to resample each 3D CT image to a spacing of (0.7, 0.7, 1.0) mm. For each VOI, a total of 1037 3D-radiomic features, including direct, wavelet transformed, logarithm transformed and gradient filtered features, were extracted (types and numbers are shown in Figure 2, and details can be also found at pyradiomics.readthedocs.io/en/latest/features.html).



Statistical Analysis

The SPSS software (SPSS, version 21, IBM, Chicago, IL, USA) and R (version 4.0.2; http://www.Rproject.org) were used for all statistical analyses. LASSO binary logistic regression was performed with the ‘glmnet’ package. Multivariate binary logistic regression was carried out with the ‘rms’ package. Decision curve analysis was performed with the ‘rmda’ package. Receiver operating characteristic (ROC) analysis was carried out with the ‘pROC’ package. Descriptive analysis was performed to describe the distribution of the variables of interest for the training and testing cohorts. All continuous data and categorical variables were expressed as mean ± standard deviation and frequency (percentage), respectively. Independent samples Student’s t test was applied to compare continuous data in two groups, and the chi-square test was used to compare categorical variables. P<0.05 (two-tailed) was considered statistically significant.

All radiomics features were normalized to the z-score. Intraclass correlation coefficient (ICC) determination and Pearson’s correlation analysis were performed to exclude redundant and unstable features (r>0.8, ICC>0.75). ICC < 0.5, between 0.5 and 0.75, between 0.75 and 0.9, and > 0.90 indicated poor, moderate, good, and excellent reliability, respectively (25). Least absolute shrinkage and selection operator (LASSO) analysis was performed to determine features for further assessment (26). Five-fold cross-validation and maximum area under the curve (AUC) were used as feature filtering criteria. A classification model based on the selected features was established by a multivariate logistic regression (LR) algorithm. Feature selection was performed on the training set. In this work, we selected no model using the one-standard-error rule as the final model, because a five-fold cross-validation LASSO analysis was performed to filter features. A temporary model was built behind the LASSO analysis as to preserve features that are significant enough for the feature coefficients. More features kept after the LASSO analysis reflect a better performance for the final multivariate logistic regression algorithm (27). Three models were built based on three sets of features: a radiomics model based on the most contributing radiomics features from the temporary model, a clinical and CT model based on clinical and CT features only, and a mixed model (MixModel) combined the Rad-score with clinical and CT characteristics. The performances of these models for predicting STAS were evaluated in the training set, then in the test set by plotting ROC curves and calculating the areas under the curves (AUCs). The accuracy, sensitivity, specificity, negative predictive value (NPV) and positive predictive value (PPV) were then calculated for each model. The predictive ability was also illustrated by the confounder matrix. The DeLong test was conducted to compare diagnostic efficiency among the different models. Furthermore, decision curve analysis was preformed to determine the clinical usefulness of the three models by quantifying the net benefits at different threshold probabilities in the data set.




Results


Clinicopathological and CT Features of STAS

This study included 395 eligible patients (average age, 59 ± 10 years; 207 males) in total. The clinicopathological and main CT features of the final study population are shown in Table 1. STAS was found in 169/928 (18.2%) patients. No significant differences were found between STAS-positive and STAS-negative cases in age, gender and smoking history (p=0.268, p=0.232 and p=0.053, respectively). Concerning CT features, tumors with STAS tended to be larger than STAS negative counterparts (21 ± 6.3 mm vs 18 ± 6.7 mm, p<0.001). Tumor densities differed between the STAS and non-STAS groups (p<0.001). The majority of STAS-positive tumors manifested as solid nodules (152/169, 89.9%; Figure 3), followed by the mix GGO (13/169, 7.7%) and pure GGO (4/169, 2.4%) groups. Moreover, the less the GGO ratio, the higher the possibility of STAS positivity (0.08 ± 0.21 vs 0.38 ± 0.42, p<0.001). Then, age, gender, smoking history, diameter, density and GGO ratio were selected for predicting STAS in the clinical and CT model (Clinical-CT Model) by the LR algorithm (Table 2). Based on clinical and CT features, the model had an AUC of 0.721 (a sensitivity of 69.9% and a specificity of 61.7%) in the training cohort; the AUC was 0.804 (a sensitivity of 72.7% and a specificity of 76.1%) in the test cohort (Figure 4). The distribution of the selected clinical and CT features for the patients with STAS and those without STAS in the training and test cohorts are shown in Table 3.


Table 1 | Associations of spread through air spaces with Clinicopathological features and CT findings.






Figure 3 | Spread through air spaces in a 52-year-old woman with papillary adenocarcinoma. (A) Axial CT image presenting a slightly lobulated, solid tumor in the right upper lobe (arrow). (B, C) Photomicrographs showing detached papillary clusters of tumor cells (arrows) in the alveolar space beyond the edge of the main tumor (*). Hematoxylin-eosin staining, magnification x50 (B), x100 (C).




Table 2 | Features included in the clinical-CT model and their coefficients.






Figure 4 | Performances of the three models in the training (A) and test (B) groups.




Table 3 | Comparison of selected clinical and CT features between LUADs with STAS and those without STAS in the training and test cohorts.



Pathologically, the histologic subtypes differed between the STAS and non- STAS groups (p<0.001). Specifically, STAS-positive tumors had a lower frequency of lepidic predominant subtypes (2.4% vs 15%), while STAS-negative ones had a lower rate of solid predominant (6.2% vs 17.8%). The positive rate of resection margin was 5.6% (22/395) in this cohort and tended to occur more in STAS-positive tumors (8.9% vs 3.1%, p=0.013). Pleural invasion was observed more frequently in patients with tumors positive for STAS versus the STAS-negative group (14.8% vs 5.3%, p=0.001), whereas perineural invasion showed no significant difference (5.3% vs 3.1%, p=0.266). EGFR and ALK analyses were available in 261 and 303 patients, respectively. STAS positivity was associated with reduced incidence of EGFR (p=0.039) and higher incidence of ALK (p=0.009). Lymphatic metastasis was negative in all patients.



Radiomics Model Building and Validation

After intraclass correlation coefficients (ICC) and Pearson’s correlation analysis, 98 radiomics features were selected for predicting STAS. Based on LASSO penalized logistic regression analysis, 18 features showed significant associations between radiomics and STAS (Figures 5A, B). Then, the top seven radiomic features with coefficients greater than 0.1 (two first-order and five second order parameters, including GLCM, GLSZM and GLDM features) were identified by the LR model (Figure 5C).




Figure 5 | Least absolute shrinkage and selection operator (LASSO) logistic regression of radiomics features (A) and the regularization parameter λ (B). (C) The feature weights of selected radiomics features.



Finally, these seven radiomics features were entered into the LR model for building the radiomics model. Features contained in the radiomics model, and their coefficients are shown in Table 4. The radiomics model achieved good performance both in the training cohort(AUC: 0.812, sensitivity: 75%, and specificity: 78.3%) and the test cohort(AUC:0.850,; sensitivity:75.8%, and specificity:76.1%) (Figure 4).


Table 4 | Features included in the radiomics model and their coefficients.



The rad-score of each lesion was calculated using the following formula:

	

The rad scores for both the training and test sets are shown in Figure S1. STAS-positive tumors had significantly higher rad-scores than STAS-negative tumors in both the training and validation sets (p <0.001).



Performance Comparison Among Different Models

The MixModel of a comprehensive nomogram model was developed with the retain clinical CT characteristics(including age, gender, smoking history, diameter, density and GGO ratio) and rad-score(Figure 6), and showed AUCs of 0.822 and 0.865 in the training and test cohorts, respectively. Features contained in Mixmodel and their coefficients are listed in Table 5. Subsequently, we separately compared AUCs among MixModel, clinical-CT model and radiomics model (Figure 4). Both in the training cohort and the test cohort, the MixModel showed improvement in diagnostic ability compared with the clinical-CT model and radiomics model. In addition, the AUC of radiomics model was larger than that of the clinical-CT model in both cohorts (0.812 vs 0.721, p<0.001; 0.850 vs 0.804, p=0.228).




Figure 6 | (A) Nomogram of MixModel for predicting presence of spread through air spaces(STAS). For each patient, draw a vertical line between the variable value and the corresponding point line, and then assign a score for each variable based on the clinical and imaging characteristics to obtain a total score. The risk of STAS can be predicted according to the total score. (B) Calibration curve for the MixModel in training cohort. (C) Calibration curve for the MixModel in validation cohort.




Table 5 | Features included in Mixmodel and their coefficients.



The results of confounder matrix analysis in the training and test sets in MixModel, and the clinical-CT and radiomics models are summarized in Table 6. The Mixmodel model showed the highest accuracy (number of correct predictions divided by that of total predictions) among the three models in the training set and in the test set.


Table 6 | Confounder matrix for the training and testing sets in the three models.





Calibration Analysis and Clinical Use

For the radiomics model, calibration curve analysis showed P values of 0.954 and 0.792 in the training and test sets, respectively, indicating a good degree of fit for the model in both sets (Figure S2). Similarly, the clinical-CT model also showed good calibration abilities in both the training and test sets (Figure S2). The clinical usefulness of the three predictive models were examined by decision curve analysis (Figure S3). Compared with the treat-all and treat-none models, MixModel, and the clinical-CT and radiomics models could bring net benefits to patients, among which the radiomics model had the best benefit, while the clinical-CT model had the lowest.




Discussion

In this study, we developed a CT-based radiomics model with good performance, which was superior to the clinical-CT model established by demographic characteristics and selected CT features, indicating the discrimination value of radiomics features for STAS positivity in IA-stage LUAD cases before surgery. Furthermore, MixModel also outperformed the clinical-CT model, presenting a higher value in predicting STAS. This report provides a powerful tool for preoperative decision-making in early-stage LUAD patients

As expected, this study showed that STAS-positive tumors tended to be larger, solid tumors with reduced GGO ratio on CT images, which was consistent with previous studies (8–11). In addition, Kim et al. (11) found that a predictive model using the percentage of the solid component could achieve an AUC of 0.77 for STAS detection. In this study, the clinical-CT model also had a similar AUC of 0.721 in the training cohort, and an AUC of 0.804 in the test cohort. The clues behind the associations of imaging features with STAS could be found in pathological findings. Several studies have revealed the connections between STAS and pathological characteristics (28, 29). Similar to previous studies (28), STAS-positive tumors in the present study had a high frequency of micropapillary, papillary or solid pattern growth, which might partially explain the association of STAS with solid tumor predominance on CT images. This study also found that STAS-positive tumors tended to be along positive resection margin and pleural invasion. In addition, the current study further analyzed the correlation between genetic mutations and STAS. We found that STAS positivity was associated with lower incidence of EGFR mutations and higher incidence of ALK mutations. Meanwhile, previous investigations have confirmed that the occurrence of GGOs is significantly associated with EGFR mutations (30) and the presence of solid nodules is one of the vital CT features of ALK rearrangement in LUAD (31). Thus, taken together, we might reasonably consider that STAS could be a potential factor in tumor aggressiveness. The larger size and solid nature on CT scans in this study supported such biological behavior.

In this study, the AUCs of the radiomics model were 0.812 and 0.850 in the training and test sets, respectively. Totally, seven features with coefficients >0.1 were selected for the tumors, including three first-order and seven second order indexes, including GLCM, GLSZM and GLDM features. First-order statistics are defined as the distribution of voxel intensity within the image region delineated by the mask through commonly used and basic metrics, while second order parameters involve the spatial position relationship with voxel intensity. Accordingly, many gray level features inferring intratumor heterogeneity were included in the radiomics model, suggesting that gray level features can contribute to the high diagnostic accuracy observed. Moreover, the present results demonstrated that the firstorder_Minimum feature was closely related to STAS, with the highest estimate coefficient (0.77) among the selected first-order parameters. The firstorder_Minimum feature referred to the lowest gray level intensity within the tumor, and STAS-positive tumors had higher firstorder_Minimum values than STAS-negative tumors. Therefore, these findings suggested that STAS-positive tumors tend to be more heterogeneous and solid components. Similarly, previous reports (18, 19) have also shown correlations between radiomics features representing gray level characteristics and STAS-positive tumors, such as Size-zone non-uniformity and Grey level variance. In addition, as shown in our clinical-CT model, the solid-density type and lower GGO ratio were the most critical features determining STAS risk. Since the automatic extraction of radiomics features by computer is more objective and accurate than subjective and manual measurements, our study confirms the reliability and interpretability of the features extracted by the radiomics analysis.

Two previous studies have explored the relationships between CT-based radiomics features and STAS in lung adenocarcinomas (18, 19). Chen et al. (19) developed a Naïve Bayes model using five radiomics features to predict STAS that achieved AUCs of 0.63 and 0.69 in the internal and external validation sets, respectively. Another report by Jiang et al. (18) built a random forest model using 12 CT-based radiomics features and showed a good AUC of 0.754 for predicting STAS. Our radiomics model established by LR outperformed those in the above two studies for STAS prediction (0.828,0.848). In addition to the differences in modeling methodologies, the discrepancy among the three studies might be related to patient inclusion criteria, sample size, and different data compositions. Chen et al. included both stage IA and IB adenocarcinomas in their study, while Jiang et al. analyzed LUAD patients with no TNM stage restriction. Meanwhile, only stage IA adenocarcinoma (T1a-cN0M0) patients were included in the present study. In addition, the number of STAS-positive patients in this investigation was twice those reported in the above two studies. In addition, STAS-positive tumors accounted for nearly 50% of all cases in this study, while the STAS-positive rates in the above two studies were less than 30%. Therefore, further studies with larger samples and better design are needed to confirm the present results.

There were several limitations in this research. Firstly, since this was a single-center retrospective study, the present radiomics model was not verified by external data. Thus, further multicenter studies are needed to confirm our results. Secondly, our study only included patients who underwent surgery for removing tumors, which might exclude cases with small tumors. However, tumor lesions larger than 3 cm were ruled out. Thirdly, since CT was performed on two different scanners, image acquisition protocols were slightly different, which might lead to some bias. Fourthly, we only included the specific CT features supported by previous reports (8–11), so the results might not represent the total CT morphological characteristics of tumors. However, the associations of other CT findings (such as satellite nodules) in LUAD with STAS remain controversial (32). Moreover, we calculated the mean and standard deviation in the training and testing sets, separately, but it might be better for clinical deployment to determine all model hyperparameters in the training set alone. Finally, since the patients were examined from 2015 to 2021, whose follow-up time was limited, we did not evaluate the effects of STAS on patient outcome.

In conclusion, the CT-based radiomics model showed a satisfying diagnostic performance for preoperatively predicting STAS, which can provide decision-making support for treatment planning in stage-IA LUAD. Besides, this radiomics model outperformed the clinical-CT model, indicating the additional value of radiomics features for predicting STAS positivity in LUAD. However, since this was a single-center retrospective study, these conclusions need to be confirmed in further prospective multicenter studies.
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(direction indicates p-value corrected p-value
poor prognosis) Below threshold Above threshold
CT-TA
Kurtosis SSF 6 >0.29 50 (29) 16 (15) 0.022 0.05
PET-TA (no filter)
Entropy >3.79 53 (22) 22(22) 0.0058 0.01
Skewness <0.95 28 (37) Not reached (7) 0.034 0.02
PET conventional analysis
PET ®8Ga-DOTATATE-uptake tumor area >52.5 pixels Not reached (22) 22(22) 0.011 0.03

Clinical parameters
Thyroid primary >1 50 (44) 2(5) 0.013 0.04
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Feature_num Methods Training cohort Validation cohort

AUC  Accuracy Sensitivity Specificity PPV NPV AUC Accuracy Sensitivity Specificity PPV NPV

6 APR 0775 0698 0716 0695 0296 0932 0786 0689 0667 0692 0273 0923
(0.715-  (0.653-  (0.612-  (0583-  (0265- (0.920- (0.644- (0.5657-  (0.383-  (0.519-  (0.158- (0.900-

0.835)  0.741)  0.806) 0810) 0322 0941) 0929)  0.801) 1.000) 0962)  0360) 0.943)

10 VPR 0827  0.744 0.731 0746 0340 0939 0810 0754 0556 0788 0312 0911
(0.774-  (0.700-  (0.612-  (0631-  (0301- (0.929- (0.674- (0.627-  (0.222-  (0.500-  (0.154- (0.867-

0.880) 0.784)  0.836) 0869)  0371) 0948 0946) 0855  0.889) 10000 0.421)  0929)

16 DPR 0887 0787 0.791 0786 0398 0955 0953  0.852 1.000 0827 0500  1.000
(0.847- (0.746-  (0.701-  (0722-  (0370- (0.951- (0903- (0.738-  (0.778-  (0.808-  (0.437- (1.000-

0927)  0.824)  0.896) 0909)  0429) 0960) 1.000)  0.930) 1.000) 0.981)  0500) 1.000)

16 FR 0904  0.803 0.836 0797 0424 0964 0893 0787 0778 0788 0389 0953
(0.870-  (0.762-  (0.716-  (0684-  (0387- (0.959- (0.804- (0.663-  (0.444-  (0.635-  (0.267- (0.943-

0938 0839  0.925 0885 0449 0968) 0982)  0.881) 1.000) 0962)  0450)  0.962)

3 Clinical 0781 0721 0.716 0722 0316 0934 0919 0869 0.889 0865 0533 0978
(0.722-  (0677-  (0.567-  (0618-  (0268- (0.924- (0.833- (0.758-  (0.442- (0596  (0.362- (0.969-

0840) 0762  0.836) 0799)  0350) 0940) 1.000) 0942 1.000) 1000 0.563) 0981)

4 Clinical 0898  0.837 0.821 0840 0478 0963 0964 0918 1.000 0904 0643  1.000
Radiomics (0.860-  (0.799-  (0672-  (0.663-  (0.429- (0954- (0.919- (0.819-  (0.667-  (0.846-  (0.545- (1.000-

0937)  0.870)  0.896) 0912) 0500 0966) 1.000) 0973 1.000) 1000 0.643)  1.000)

FR, fusion of radiomics features of arterial phase, venous phase, and delayed phase; Clinical, fusion of clinical, and radiological characteristics; Clinical Radiomics, fusion of
clinicalradiological features and radiomics features. APR, radiomics model of arterial phase; AUC, area under the curve; D, DPR, radiomics model of delayed phase; NPV, negative
predictive value; PPV, positive predictive value; VPR, radiomics model of venous phase.
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Characteristics

Age (years)
Gender

Tumor Location
CEA level
CA125 level

CA199 level
cT stage

cN stage

Maximum diameter (mm)

Female
Male
Left
Right

T
T2
T3
T4
NO
N1
N2

Training cohort (n=441)

MSss

61.00 (51.00, 68.00)
153 (40.9%)
221 (59.1%)
267 (71.4%)
107 (28.6%)
4.08 (2.18, 12.82)
12.02 (8.73, 17.30)
13.45 (7.74, 26.59)
12 (3.2%)
58 (15.5%)
236 (63.1%)
68 (18.2%)
210 (56.1%)
81(21.7%)
83 (22.2%)
19.80 (15.71, 25.62)

msI

51.00 (42.50, 63.00)
33 (49.3%)
34 (50.7%)
22 (32.8%)

45 (67.2%)
2,81 (1.60, 6.37)
16.71 (9.59, 24.64)
9.99 (5.94, 25.36)
0(0.0%)

10 (14.9%)
47 (70.1%)
10 (14.9%)
44 (65.7%)
1 (16.4%)
12 (17.9%)
24.70 (18.31, 30.80)

P value

<0.001
0.203

<0.001
0.009
0.004

0.067
0.671

0.201

0.001
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Variable Univariable Cox regression Multivariable Cox regression

HR (95% CI) P value HR (95% Cl) P value
Sex 2.448 (0.940-6.377) 0.066 NA

Age 1.044 (1,009-1.079) 0012 1.026 (0.992-1.061) 0.141
TNM stage 2,908 (2.195-3.851) <0.001 2.431 (1.709-3.459) <0.001
Fuhrman grade 3.283 (2.037-5.291) <0.001 1.188 (0.577-2.446) 0.640
Necrosis 2,513 (1.204-5.247) 0014 1.595 (0.722-3.523) 0.248
ECOG-PS 2.371 (1.191-4.721) 0014 1.235 (0.610-2.500) 0557
Hemoglobin 0.964 (0.950-0.987) <0.001 0.995 (0.974-1.016) 0633
Neutrophil count 1.190 (1.040-1.361) 0.011 1311 (0.84-2.044) 0.233
Lymphooyte count 0.358 (0.199-0.644) 0.001 0.395 (0.145-1.072) 0.068
Neutrophil-ymphocyte ratio 1.145 (1.055-1.243) 0.001 0.818(055-1.217) 0.322
Platelet count 1.007 (1.002-1.012) 0.006 1.008 (0.998-1.007) 0.253
Creatinine 1.019 (1.006-1.033) 0.004 1.019 (1.003-1.036) 0.024
Blood urea nitrogen 1.001 (0.956-1.048) 0954 NA

NA, not available.
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Characteristic Training cohort Test cohort P value
(n=194) (n=188)
Sex 0.901%
Male 133 130
Female 61 58
Age (years) 55.94 + 1159 56.08 + 10.96  0.906°
TNM group 0.597%
| 138 129
1] 29 29
1l 10 16
\% 17 14
Fuhrman grade 0.004%
| 11 16
[} 124 143
n 50 27
\% 9 2
Necrosis 0.7212
Present 84 78
Absent 110 110
ECOG-PS 0.282%
0 1056 112
>1 89 76
Hemoglobin (g/L) 136,57 + 19.797 138.70 + 20.989  0.309°
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°Mann-Whitney U test.
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Variable Univariate analysis

OR (95%Cl)

Gender 0.809 (0.412, 1.589)
Histopathological type 1.323 (0.632, 2.771)
INSS stage 2,040 (1.255-3.316)
Shimada classification 0.171 (0.058, 0.508)
Infiltrating across midline 2.033 (1.003, 4.121)
Calcification 0.403 (0.202, 0.802)
Necrosis 3.250 (1.402, 7.533)
Age 0.996 (0.984, 1.008)
VMA 0.981 (0.967, 0.996)

P-value

0.539
0.457
0.004*
0.001*
0.049*
0.010*
0.006*
0.467
0.013*

Multivariate analysis

OR (95%Cl)

~2.22 (-3.396 to ~1.045)
0.890 (0.062-1.718)
-1.363 (-2.212 10 ~0.513)

-0.019 (-0.035 to -0.004)

P-value

<0.001*
0.0352"
0.0017*

0.0127*

Intercept = 0.24026. *reflected the significant difference with the P value <0.05.
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Models Training group (n = 121) Validation group (n = 51)

AUC (95%Cl) Delong test AUC (95%Cl) Delong test
Logistic 0.940 (0.901-0.978) 0.99* 0.909 (0.824-0.994) 0.99*
SVM 0.940 (0.901-0.978) <0.005"* 0.909 (0.824-0.994) <0.005"*
Bayes 0.780 (0.692-0.867) <0.005*#* 0.729 (0.581-0.863) 0.051*#*
Forest 0.927 (0.879-0.974) 0.33%## 0.851(0.725-0.976) 0.055"###

Yindlicated the Delong test between the logistic and SVM model; **indicated the Del.ong test between the SVM and Bayes model; ***indicated the Delong test between the Bayes and
Forest model: ****indicated the Delong test between the Logistic and Forest model.





OPS/images/fonc.2021.687884/fonc-11-687884-g005.jpg
0T v i o e

ROC curve o given modls

L N





OPS/images/fonc.2021.687884/fonc-11-687884-g006.jpg
e
— &
rewseng scrows e
f—
o c
s s
s s
,
y

PR Y AR 2





OPS/images/fonc.2021.687884/fonc-11-687884-g007.jpg





OPS/images/fonc.2021.687884/table1.jpg
Features

Training group (n = 121)

Testing group (n = 51)

Non-amplified Amplified p-value Non-amplified Amplified p-value

Gender (%) 0.736 0.543
Male 51 (57.95) 18 (54.55) 22 (59.46) 7 (50.00)

Female 37 (42.05) 15 (45.45) 5 (40.54) 7 (50.00)

Histopathological types (%) 0.629 0.772
Differentiated 28 (31.82) 9(27.27) 14 (37.84) 4(2857)

Undifferentiated or poorly differentiated 60 (68.18) 24 (72.73) 23 (62.16) 10 (71.43)

INSS ' (%) 0.023* 043
1 12 (13.64) 0 (0.00) 6(16.22) 0(0.00)

2 7 (7.95) 1(3.03) 1(2.70) 0(0.00)

3 18 (20.45) 4(12.12) 8(21.62) 3(21.43)

4 48 (54.55) 28 (84.85) 20 (54.05) 11 (78.57)

48 3(3.41) 0(0.00) 2(5.41) 0(0.00)

Shimada classification (%) 0.006" 0.071
UFH 58 (65.91) 30 (90.91) 23 (62.16) 13 (92.86)

FH 30 (34.09) 3(9.09) 14 (37.84) 1(7.14)

Infiltrating 0.17 0.201
across midline (%)

Yes 41 (46.59) 20 (60.61) 23 (62.16) 12(85.71)

No 47 (53.41) 13 (39.39) 14 (37.84) 2(14.29)
Calcification (%) 0.016* 0.454
Yes 61(69.32) 15 (45.45) 27 (72.97) 8(57.14)

No 27 (30.68) 18 (54.55) 10 (27.08) 6 (42.86)

Necrosis (%) 0.034* 0.099
Yes 51 (57.95) 26 (78.79) 24 (64.86) 13 (92.86)

No 37 (42.05) 7(21.21) 13 (35.14) 1(7.14%)
Age (Pzs, Pzs) 24.0 (8.45, 48.0) 25.0 (12,0, 40.3) 0518 15.00 (7.70, 48.00) 22,0 (1.9, 30.3) 0598
VMA (Pzs, P7s) 21.7 (6.97, 43.36) 5.14 (2.96, 21.76) 0.005* 21.19 (6.39, 41.27) 4.67 (2.36, 11.6) 0.002*

'p <0.05. A chi square test or Fisher's exact test was used for the nominal variable. A Mann-Whitney test was used for the continuous variable with abnormal distribution. ' INSS,
International Neuroblastoma Stage System. Since the morphological characteristics of lesions were firstly interpreted by two radiologists independently and then the difference was
resolved by negotiation, the reader agreements were evaluated [Infiltrating across midline: 0.909 (0.878-0.933), Calcification: 0.871 (0.809-0.909), Necrosis: 0.920 (0.890-0.942)].
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Variable Training group Testing group

AUC (95%Cl) Sensitivity Specificity Delong AUC (95%Cl) Sensitivity Specificity Delong
VP 0.89 (0.83-0.95) 0.569 0.942 0.88 (0.79-0.97) 0.416 0.852
Three-phase 0.940 (0.901-0.978) 0.970 0818 0.0008* 0.909 (0.824-0.994) 0.786 0.919 0.884"
Clinics 0.770 (0.685-0.841) 0.727 0.795 0.0003"* 0.917 (0.805-0.976) 0.857 0.834 0.0784*
Nomo 0.946 (0.889-0.979) 0.939 0.841 0.343"## 0.977 (0.89-0.999) 0.928 0918 0.05"#

4

*indicated the Delong test between the venous and three-phrase radiomics model; *indicated the Delong test between the three-phrase radiomics and Clinics model; ***indicated the

Delong test between the three-phrase radiomics and Nomo combined model.
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AUC Accuracy Sensitivity Specificity PPV NPV

The training cohort The radiomics model 0.82 0.78 0.79 0.79 092 0.56
(0.76~0.90) (0.70~0.84) (0.69~0.86) (0.62~0.91) (0.83~0.96) (0.41~0.70)
The RECIST model 0.53 0.60 0.67 0.39 075 0.30
(0.44~0.62) (0.51~0.68) (0.57~0.76) (0.24~0.57) (0.64~0.83) (0.18~0.45)
The clinical model 0.69 0.62 0.55 0.81 0.89 0.40
(0.60~0.79) (0.53~0.70) (0.45~0.65) (0.63~0.91) (0.77~0.95) (0.29~0.52)
The combined 0.83 0.81 0.88 0.64 0.87 0.66
model (0.75~0.91) (0.74~0.88) (0.79~0.93) (0.46~0.79) (0.78~0.93) (0.48~0.80)
The internal validation cohort  The radiomics model 0.77 0.73 0.74 0.69 0.88 0.46
(0.63~0.91) (0.60~0.83) (0.59~0.85) (0.42~0.88) (0.74~0.96) (0.26~0.67)
The RECIST model 0.67 078 0.78 0.56 0.85 0.45
(0.53~0.81) (0.60~0.83) (0.64~0.88) 0.31~0.79) (0.71~0.93) (0.24~0.68)
The clinical model 0.59 0.49 0.40 0.75 0.83 0.29
(0.43~0.74) (0.36~0.61) (0.27~0.55) (0.47~0.92) (0.62~0.95) (0.16~0.45)
The combined 0.78 0.77 0.82 0.63 0.87 0.53
model (0.65~0.92) (0.65~0.87) (0.68~0.91) (0.34~0.84) (0.74~0.95) (0.30~0.75)
The Dragon Ill cohort The radiomics model 0.78 0.70 0.54 (0.26 0.80) 0.74 0.32 0.88
(0.66~0.89) (0.58~0.81) (0.61~0.84) (0.15~0.55) (0.75~0.95)
The clinical model 0.60 0.42 0.31 0.45 0.1 0.74
(0.46~0.74) (0.31~0.55) (0.10~0.61) (0.32~0.58) (0.04~0.27) (0.56~0.87)
The combined 071 0.63 0.77 0.60 0.30 0.92
model (0.59~0.84) (0.51~0.75) (0.46~0.94) (0.47~0.73) (0.16~0.49) (0.78~0.98)
The external validation The radiomics model 0.72 0.49 0.91 0.31 0.37 0.89
cohort (0.66~0.89) (0.38~0.61) (0.71~0.99) (0.19~0.45) (0.25~0.51) (0.64~0.98)
The clinical model 0.68 0.60 0.74 0.54 0.42 0.82
(0.56~0.81) (0.48~0.71) (0.51~0.89) (0.40~0.68) (0.27~0.58) (0.65~0.93)
The combined 0.76 0.40 0.96 0.15 0.33 0.89
model (0.64~0.87) (0.29~0.52) (0.76~0.99) (0.07~0.29) (0.23~0.46) (0.51~0.99)
The SOXA cohort The radiomics model 0.50 0.52 0.44 0.64 (0.32 0.88) 0.64 0.44
0.27~0.73) (0.32~0.71) (0.21~0.69) (0.32~0.88) (0.21~0.69)
The clinical model 0.57 0.56 0.63 0.46 0.63 0.46
(0.34~0.81) (0.35~0.75) (0.36~0.84) (0.18~0.75) (0.36~0.84) (0.18~0.75)
The combined 0.51 0.59 0.75 0.36 0.63 0.50
model (0.27~0.72) (0.39~0.78) (0.47~0.92) (0.12~0.68) (0.89~0.83) (0.17~0.83)

AUC, area under the curve; NPV, negative predictive value; PPV, positive predictive value; RECIST, Response Evaluation Criteria in Solid Tumors. The SOXA cohort is defined as the
patients receiving the regimen of apatinib in combination with SOX (S-1 and oxaliplatin).
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The training cohort The internal validation The Dragon Il cohort The external validation The SOXA cohort P

(n=134) cohort (n = 66) (n=71) cohort (n = 75) (n=27) value
TRG (response, %) 98 (73.1%) 50 (75.8%) 13 (18.3%) 23 (30.7%) 16 (59.3%) <0.001
Regimens EOX EOX SOX and FLOT SOX, XELOX and FOLFOX apatinib plus SOX
Age (years) 58.4 +10.2 60.3 8.8 61.3+99 59.4 + 10.5 59.3 +8.0 0.328
Gender (female, %) 41 (30.6%) 23 (34.8%) 24 (33.8%) 25 (33.3%) 9 (33.3%) 0.977
Tumor invasion <0.001
cT2 0 (0.0%) 0(0.0%) 0 (0.0%) 6 (8.0%) 0(0.0%)
cT3 0 (0.0%) 0(0.0%) 0(0.0%) 23 (28%) 0(0.0%)
cT4 134 (100.0%) 66 (100%) 71 (100.0%) 46 (61.4%) 27 (100.0%)
Lymph node status <0.001
cNO 0 (0.0%) 0(0.0%) 4 (5.6%) 3 (4.0%) 0 (0.0%)
oN1 2 (17.2%) 5 (7.6%) 10 (14.1%) 26 (34.7%) 7 (25.9%)
oN2 55 (41.0%) 29 (43.9%) 48 (67.6%) 29 (38.7%) 15 (55.6%)
cN3 56 (41.8%) 32 (48.5%) 9 (12.7%) 17 (22.7%) 5 (18.5%)
Tumor size (cm) 6.46 +2.32 7.16 £1.90 5.64 + 1.96 523+ 1.64 4.83 £2.38 <0.001
Tumor location 0.002
Upper 33 (24.6%) 6 (24.2%) 23 (32.4%) 8 (24.0%) 14 (51.9%)
Middle 38 (28.4%) 8 (27.3%) 4 (5.6%) (20 0%) 3(11.1%)
Lower 41 (30.6%) 19 (28.8%) 36 (50.7%) 8 (37.3%) 5 (18.5%)
Diffuse 22 (16.4%) 3 (19.7%) 9 (11.3%) (18 7%) 5(18.5%)
Differentiation status <0.001
Well differentiated 2 (1.5%) 0 (0%) 0(0%) 1 (1.3%) 1 (3.7%)
Moderately 11 (8.2%) 4(6.1%) 9(12.7%) 41 (54.7%) 3(11.1%)
differentiated
Poorly differentiated 78 (58.2%) 35 (53.0%) 57 (80.3%) 33 (44%) 15 (55.6%)
SRCC 8 (6.0%) 6(9.1%) 1(1.4%) 0 (0%) 13.7%)
Not evaluated 35 (26.1%) 21 (31.8%) 4 (5.6%) 0 (0%) 7 (25.9%)
CA19-9 (positive, %) 43 (32.1%) 16 (24.2%) 13 (18.3%) 7 (9.3%) 5 (18.5%) 0.005
CEA (positive, %) 39 (29.1%) 24 (36.4%) 18 (25.4%) 12 (16.2%) 5 (18.5%) 0.061

CA19-9, carbohydrate antigen 19-9; CEA, carcinoembryonic antigen; SRCC, signet-ring cell carcinoma; TRG, tumor regression grade. For the regimens, EOX (epirubicin, oxaliplatin, and
capecitabine), FOLFOX (oxaliplatin, folinic acid and 5-fluorouracil), FLOT (5-fluorouracil, leucovorin, docetaxel and oxaliplatin), SOX (S-1 and oxaliplatin), SOXA (apatinib in combination with
SOX), XELOX (oxaliplatin and capecitabine).
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Model Group Compared Tumor Grades Accuracy rate Sensitivity Specificity PPV NPV AUC (95% CI)

Imaging feature model Training Benign vs. low-grade 83.7 75 93.1 88.2 84.4 0.841 (0.708, 0.929)
Low-grade vs. high-grade 66.7 81.3 55 59.1 78.6 0.681 (0.505, 0.826)

Benign vs. malignant 892 722 93.1 92.9 73 0.896 (0.795, 0.958)

Validation Benign vs. low-grade 78.9 75 81.8 75 81.8 0.784 (0.538, 0.936)

Low-grade vs. high-grade 733 85.7 62.5 66.7 83.3 0.741 (0.457, 0.926)

Benign vs. malignant 76.9 86.7 63.6 76.5 778 0.788 (0.584, 0.922)

CTTA feature model Training Benign vs. low-grade 80 81.3 83.3 76.5 87 0.823 (0.670, 0.925)
Low-grade vs. high-grade 719 81.3 75 76.5 80 0.785 (0.600, 0.907)

Benign vs. malignant 71.4 79.2 87.5 84.8 82.6 0.854 (0.734, 0.934)

Validation Benign vs. low-grade 78.9 87.5 72.7 70 88.9 0.801 (0.557, 0.946)

Low-grade vs. high-grade 80 57.1 100 100 727 0.786 (0.504, 0.950)

Benign vs. malignant 846 100 63.6 78.9 100 0.906 (0.726, 0.985)

T1-TA feature model Training Benign vs. low-grade 80 100 55.6 73.3 100 0.838 (0.688, 0.935)
Benign vs. malignant 80.4 79.4 68.2 79.4 68.2 0.804 (0.676, 0.898)

Validation Benign vs. low-grade 842 100 72.7 72.7 100 0.949 (0.742, 0.999)

Benign vs. malignant 84.6 73.3 100 100 73.3 0.945 (0.780, 0.996)

T2-TA feature model Training Benign vs. low-grade 75.6 77.8 73.9 70 81 0.758 (0.600, 0.878)
Benign vs. malignant 79.3 82.9 73.9 82.9 739 0.796 (0.670, 0.891)

Validation Benign vs. low-grade 789 75 81.8 75 81.8 0.784 (0.538, 0.936)

Benign vs. malignant 84.2 87.5 81.8 77.8 90 0.847 (0.610, 0.968)

PPV, positive predictive value; NPV, negative predictive value.
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Model Compared Tumor Grades Independent Predictors Odds Ratio (95%ClI) P
Imaging feature model Benign vs. low-grade Endosteal scalloping 0.042 (0.004, 0.439) 0.008
Low-grade vs. high-grade Cortical destruction 5.296 (1.143, 24.548) 0.033
Benign vs malignant Gender 0.041 (0.002, 0.813) 0.036
Calcified shape 205.140 (1.55, 27147.14) 0.033
Endosteal scalloping 0.007 (0.001, 0.186) 0.003
CTTA feature model Benign vs. low-grade Variance 1.001 (1.001, 1.002) 0.002
Low-grade vs. high-grade Mean 1.019 (1.004, 1.034) 0.018
Benign vs. malignant Variance 1.001 (1.000, 1.001) 0.04
Perc.01% 0.974 (0.958, 0.995) 0.014
T1-TA feature model Benign vs. low-grade Kurtosis 1.645 (1.1, 2.459) 0.015
Perc.10% 0.861 (0.759, 0.997) 0.019
Benign vs. malignant Kurtosis 1.205 (1.032, 1.407) 0.019
Perc.10% 0.84 (0.759, 0.930) 0.001
Perc.99% 1.09 (1.032, 1.152) 0.002
T2-TA feature model Benign vs. low-grade Variance 1.002 (1.001, 1.003) 0.007
Benign vs. malignant Variance 1.002 (1.001, 1.003) 0.003
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Variables

Age

Gender
Male
Female
Symptomatic
Largest
diameter/mm
Aspect ratio

Location
Epiphysis
Metaphysis
Diaphysis

Calcified shape
Non

calcification
Ring and

plaque
Ground glass

Calcified area
<1/3
1/3~2/3
>2/3
Endosteal

scalloping
Periosteal

reaction
Cortical
destruction
Blurry edge
Fat
replacement
Hemorrhage
Peritumoral
edema
Soft tissue
mass

Enhanced

pattern (n=40)
| type
Il type
Il type

Enchondromas
(n=29)

49 (40-59)

8(27.6)
21 (72.4)
17 (58.6)
1(2.5-65)
1.8(1.5-2.8)
1(3.4)
21 (72.4)
7 (24.1)
00
27 (93.1)
2(6.9)
6(20.7)
7(24.1)
16 (65.2)
269
00
00

5(17.2)
20 (69)

00
000

0(0)

17 (58.6)
00
00

Low-grade
chondrosarcomas
(n=20)

51.5 (39-62)

1 (55)
6 (30)
3(15)
15 (75)
8 (40)
9 (45)

10 (50)
8 (40)

4 (40)
15 (75)

6(30)

933
ege

High-grade
chondrosarcomas
(n=16)

55.5 (45-62)
9(56.3)
7(43.8)

12 (75)

7.1 (6.9-10.8)
2(1.2-36)
3(188)

8 (50)
5(31.3)
163
8 (50)

7 (43.8)

12 (75)
2(12.5)
2(12.5)

10 (62.5)
11 (68.8)

13 (81.3)

11(68.8)
0(0)

5(31.9)
13 (81.3)

10 (62.5)

0(0)
5(31.3)
4(25)

Malignant
(n=36)

54 (44.3-
60)

19 (52.8)
17 (47.2)
31 (86.1)
6.7 (4.5~
12.9)
22(1.3-
35)

7(19.4)
23 (63.9)
6(16.7)
2(5.6)
24 (66.7)
10 (27.8)
23 (63.9)
8(222)
5(139)
25 (69.4)
19 (52.8)
22 (61.1)

21 (58.3)
8(222)

9 (25)
28 (77.8)

16 (44.4)

128
17 (47.2)
5(13.9)

Benign vs. Low Low grade vs. High

grade (P)

0.662
0.110
0.007
0.020
0.495

0.054

0.295

0.011

<0.001
<0.001
<0.001

0.014
0.044

0.023
<0.001

0.003

<0.001

grade (P)

0.440
0.709
0.149
0.440
0.962

0.103

0.144

0.402

0.418
0.086
0.029

0.257
0.005

0.470
0.709

0.051

0.146

Benign vs.
Malignant (P)
0.251
0.04
0.012
<0.001
0.601

0.138

0.033

<0.001

<0.001
<0.001
<0.001

0.001
<0.001

0.004
<0.001

<0.001

<0.001

The bold values means P < 0.05.
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Set Predictor

Tumor location
Training R-Signatures weeks
set
Tumor location+
R-Signature; weeks
Internal testing Tumor location
set* R-Signature; weeks
Tumor location+
R-Signature, weeks
External testing set ~ Tumor location
R-Signaturez weeks
Tumor location+
R-Signature, weeks

Sensitivity (%)
100.0
100.0
100.0

222
88.9

90.9
81.8
81.8

Specificity (%)
23.5
64.7
82.4

100.0
60.0

50
66.7
83.3

Accuracy (%)

75.5
88.7

94.3

39.1
82.6

76.5
76.5
82.3

PPV (%)

73.5
85.7

92.3

100.0
88.9

75.0
81.8
90.0

NPV (%)

100.0
100.0

100.0

26.3
60.0

75.0
66.7
71.4

P

0.046
<0.0001

<0.0001

0.256
0.044

0.0499
0.0465
0.027

AUC (95% CI)

0.681 (0.504-0.773)
0.824 (0.694-0.915)

0.966 (0.875-0.996)

0.650 (0.425-0.835)
0.744 (0.522-0.901)

0.674 (0.486-0.924)
0.742 (0.478-0919)
0.841 (0.586-0.970)

*Tumor location was showed a p-value of 0.256, which means the model was not established.

PPV, posttive predictive value; NPV, negative predictive value; AUC, area under curve; Cl, confidence interval.

*P < 0.05, statistically significant.
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Set Time point ADC value (10° mm2/s) P Time range AADC p

Sensitive group  Resistant group Sensitive group  Resistant group
Training set Pre-treatment 1.695 + 0.687 1.644 + 0.626 0.746 1st week 0.200 + 0.415 0.135 £ 0.293 0.391
5" radiation 1.728 £ 0.612 2.067 + 0.875 0.253 2nd week -0.160 + 0.218 -0.175 £ 0.286 0.819
10" radiation 2.057 +0.720 2.118 + 0.697 0.381 2 weeks 0.275 £ 0.370 0.255 + 0.400 0.746
Internal testing set Pre-treatment 1.556 + 0.599 1.466 + 0.946 0.363 1st week 0.177 £ 0.444 0.351 + 0.396 0.491
5" radiation 1.847 + 0.624 1.893 + 0.990 0.914 2nd week -0.152 + 0.239 0.126 + 0.630 0.538
10" radiation 2.145 + 0.831 1.973 + 0.924 0.691 2 weeks 0.405 + 0.595 0.538 + 0.692 0.745
External testing set Pre-treatment 1.948 + 0.247 1.818 £ 0.388 0.149 1st week 0.065 + 0.037 0.042 + 0.0447 0.216
5" radiation 2.084 + 0.237 1.787 +0.422 0.048" 2nd week 0.119 £ 0.117 0.145 £ 0.113 0.591
10" radiation 2.387 + 0.263 2.078 + 0.283 0.078 2 weeks 0.177 £ 0.110 0.179 £ 0.127 1.000

ADC, apparent diffusion coefficient.
*P < 0.05, statistically significant.
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Characteristics

Training set (n=53) P Internal testing set (n=23) P pt External testing set (n=17) p
Sensitive group  Resistant group Sensitive group Resistant 0.361 Sensitive group Resistant
(n=36) (n=17) (n=18) group (n=5) (n=11) group (n=6)

Sex 0.821 0.048 0.793 1.000
Male 28 12 16 3 6 3

Female 8 5 2 2 5 3

Age (year) 0.412 0.446 0.675 0.660
mean + sd 63.1 +8.14 65.2 +10.3 63.9 £ 5.6 59.0 + 10.7 622 +82 64.5 + 6.1

range 43-78 44-80 51-72 39-70 51-72 39-70
T-stage 0.780 0.576 0.602 0.515
T3 25 11 14 3 10 4

T4 11 6 4 2 1 2

LN Status 0.647 1.000 0.834 1.000
N- 7 5 3 1 4 2

N+ 29 12 15 4 7 4

Location 0.023 0.662 1.000 0.043
Cervival 0 4 1 1 1 3

Upper thoracic 15 7 74 2 6 2

Middle thoracic 14 3 6 2 4 0

Lower thoracic 7 3 4 0 0 1

Dose (Gy) 0.234 1,000 0.823 1,000
<55 19 6 9 2 9 2

=56 17 " 8 3 8 3

LN, lymph node.

' Diflerence between the training set and the internal testing set in characteristics of patients and tumor.
*P < 0.05, statistically significant.
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Matrix encoding class (IBSl/aggrega-
tion code)

GLCM (LFYVIAZD)

GLRLM (TPOINAZD)

GLSZM (9SAK/KOBO)

NGTDM (IPET/KOBO)

Radiomic texture feature (IBSI
code)

Contrast (ACUI)

Dissimilarity (8S9J)

Homogeneity (IB12)

Correlation (NI2N)

Energy (8ZQL)*

Variance (UR99)

Entropy (TU9B)

Sum average (ZGXS)

Short run emphasis (220V)

Long run emphasis (W4KF)
Gray-level non-uniformity (R5YN)*
Run length non-uniformity (W92Y)*
Run percentage (9ZK5)

Low gray-level run emphasis (V3SW)
High gray-level run emphasis (G3QZ)
Short run low gray-level emphasis
(HTZT)

Short run high gray-level emphasis
(GD3A)

Long run low gray-level emphasis
(IVPO)

Long run high gray-level emphasis
(BKUM)

Gray-level variance (8CE5)

Run length variance (8CES5)

Small zone emphasis (5QRC)

Large zone emphasis (48P8)
Gray-level non-uniformity (JNSA)
Zone-size non-uniformity (4JP3)
Zone percentage (P30P)

Low gray-level zone emphasis
(XMmsy)

High gray-level zone emphasis
(5GN9)

Small zone low gray-level emphasis
(5RAI)

Small zone high gray-level emphasis
(HW1V)

Large zone low gray-level emphasis
(YH51)

Large zone high gray-level emphasis
{i7v)

Gray-level variance (BYLV)
Zone-size variance (BYLV)
Coarseness (QCDE)*

Contrast (65HE)

Busyness (NQ30)*

Complexity (HDEZ)

Strength (1X9X)

GLCM, gray-level co-occurrence matrix; GLRLM, gray-level run length matrix; GLSZM,
gray-level size zone matrix; NGTDM, neighborhood gray tone difference matrix; IBSI, is the
Image Biomarker Standardization Initiative. Features marked with * were IBS| features
modified to decrease volume independence (39).
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Acquisition Parameter

Image Pulse Sequences

Clinical A
TR/TE (ms) 3.00/1.27
Bandwidth (Hz/pixel) 604
Field of view (mm) 540 x 465 x 432
Matrix size 360 x 360 x 144

Clinical B Clinical C
3.33/1.43 3.36/1.44
537 534
400 x 400 x 432 350 x 350 x 432
266 x 266 x 144 234 x 234 x 144

All pulse sequences have identical flip angles and voxel dimensions.
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Radiomics signatures

PsP VS. HPD Intra-tumoral
Peri-tumoral
Combined

PsP VS. sPD Intra-tumoral
Peri-tumoral
Combined

HPD VS. sPD Intra-tumoral
Peri-tumoral
Combined

Extracted

107
107
214
107
107
214
107
107
214

Remained feature number

ICC>0.75

104
106
210
106
106
212
104
106
210

Spearman
(Irl<0.90)

45
36
79
41
42
69
47
43
80

LASSO
(non-zero)

SN NN

~

9
12

Psp, pseudoprogression; HPD, hypermprogression disease; sPD, standard progression disease; ICC, inter/intra-class comelation coefficient; LASSO, least absolute shrinkage and selection operator.
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RM3
metastatic tumor
chordoma
sarcoma

RM4
chondrosarcoma
osteosarcoma
Ewing’s sarcoma

Clinics3
metastatic tumor
chordoma
sarcoma

Clinics4
chondrosarcoma
osteosarcoma
Ewing’s sarcoma

Clinical-RM3
metastatic tumor
chordoma
sarcoma

Clinical-RM4
chondrosarcoma
osteosarcoma
Ewing's sarcoma

AUC

0.805
0.849
0.846

0.812
0.742
0.811

0.950
0.915
0.951

0.852
0.645
0.846

0.947
0.923
0.964

0.869
0.799
0.847

ACC

0.665
0.665
0.665

0.667
0.667
0.667

0.824
0.824
0.824

0.583
0.583
0.583

0.841
0.841
0.841

0.667
0.667
0.667

AUC, area under curve; ACC, accuracy.

Precision

0.645
0.818
0.657

0.682
0.636
0.684

0.836
0.609
0.867

0.743
0.448
0.531

0.780
0.737
0.898

0.756
0.625
0.565

Recall

0.364
0.346
0.926

0.769
0.656
0.520

0.836
0.538
0.895

0.667
0.406
0.680

0.836
0.538
0.926

0.795
0.625
0.520

F1-score

0.465
0.486
0.769

0.723
0.646
0.591

0.836
0.571
0.881

0.703
0.426
0.596

0.807
0.622
0.912

0.775
0.625
0.542
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Characteristics

PsP (N = 34) HPD (N = 43) sPD (N = 58) p value
Age, median (range) years 67 (52-81) 62 (45-77) 72 (57-87) 0.368
Gender, No. (%) 0.202
Male 29(85.3) 32 (74.4) 39 (68.4)
Female 5(14.7) 1(25.6) 18 (31.6)
Pre- chemotherapy or radiotherapy, No. (%) 0.851
Yes 26 (76.5) 33(23.3) 46 (80.7)
No 8(23.5) 0(76.7) 11 (19.3)
Treatment strategy, No. (%) 0.183
Monotherapy 19 (44.1) 17 (39.5) 21(36.8)
Combination therapy 5 (44.1) 26 (60.5) 36 (63.2)
Number of lines of prior systemic cancer therapy, No. (%) 0.337
1 7(20.6) 9 (20.9) 9(15.8)
>2 27 (79.4) 34 (79.1) 48 (84.2)
Lung metastasis, No. (%) 0.817
With 18 (52.9) 25 (58.1) 34 (59.6)
Without 16 (47.1) 18 (41.9) 23 (40.4)
Brain metastasis, No. (%) 0.124
With 2(5.9) 7(163) 5.3
Without 32 (94.1) 36 (83.7) ©4.7)
Bone metastasis, No. (%) 0.120
With 8(23.5) 16 (37.2) 11 (19.3)
Without 26 (76.5) 27 (62.8) 46 (80.7)
Liver metastasis, No. (%) 0.240
With 5(14.7) 18 (41.9) 18 (41.9)
Without 29 (85.3) 29 (85.3) 25 (58.1)

Psp, pseudoprogression; HPD, hyperprogression disease; sPD, standard progression disease.
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AUC ACC  Sensitivity Specificity PPV NPV

RM1 0.834 0.782 0.891 0.492 0.824  0.627
RM2 0.863  0.800 0917 0.655 0.767  0.864
Clinics1 0.871  0.833 0.874 0.723 0.894  0.681
Clinics2 0.746  0.646 0.833 0.414 0.638  0.667
Clinical-RM1  0.899  0.854 0.948 0.600 0.864 0.812
Clinical-RM2 ~ 0.928  0.877 0.889 0.862 0.889  0.862

AUC, area under curve; ACC, accuracy; PPV, positive predictive value; NPV, negative
predictive value.
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Variable Class 1 Class 2 Class 3 Statistics P value
Clinical-RM1

Age (years) 36.00 (27.20, 48.00) 47.00 (27.00, 59.00) N -3.962 <0.001
Size (cm) 8.90 (7.02, 11.80) 9.00 (6.50, 12.10) = 0.534 0.593
Female 117 (54.42%) 246 (42.41%) = 9.111 0.003
Male 98 (45.58%) 334 (57.59%) =

Location | 10 (4.65%) 123 (21.21%) - 149.379 <0.001
Location II 3(1.40%) 9 (8.45%) -

Location Ill 3(1.40%) 47 (8.10%) =

Location IV 186 (86.51%) 219 (37.76%) -

Multi-location 13 (6.05%) 142 (24.48%) -

No history of malignancy 211 (98.14%) 422 (72.76%) 62.277 <0.001
A history of malignancy 4 (1.86%) 158 (27.24%)

Clinical-RM2

Age (years) 44.00 (32.00, 53.80) 33.00 (25.00, 43.00) = 4.726 <0.001
Size (cm) 8.50 (6.40, 11.66) 9.20 (7.80, 12.10) = -2.129 0.033
Femnale 51 (53.68%) 66 (55.00%) - 0.037 0.847
Male 44 (46.32%) 54 (45.00%) =

Location | 1 (1.05%) 9 (7.50%) - - 0.005
Location II 0(0.00%) 3 (2.50%) =

Location Il 0 (0.00%) 3 (2.50%) 2

Location IV 91 (95.79%) 95 (79.17%) e

Multi-location 3(3.16%) 10 (8.33%) -

No history of malignancy 93 (97.89%) 118 (98.33%) 0.074 0.786
A history of malignancy 2 (2.11%) 2 (1.67%)

Clinical-RM3

Age (years) 29.00 (19.00, 45.05) 58.00 (50.00, 65.00) 59.00 (49.70, 68.30) 248.6 <0.001
Size (cm) 10.20 (7.39, 13.11) 7.60 (5.50, 9.80) 8.10 (6.20, 11.06) 55.167 <0.001
Female 133 (42.36%) 85 (46.96%) 28 (32.94%) 4.656 0.098
Male 181 (57.64%) 96 (53.04%) 57 (67.06%)

Location | 81 (25.80%) 42 (28.20%) 0 (0.00%) 181.17 <0.001
Location I 29 (9.24%) 20 (11.05%) 0 (0.00%)

Location Il 35 (11.15%) 12 (6.63%) 0 (0.00%)

Location IV 64 (20.38%) 71 (39.23%) 84 (98.82%)

Multi-location 105 (33.44%) 36 (19.89%) 1 (1.18%)

No history of malignancy 298 (94.90%) 50 (27.62%) 74 (87.06%) 272.494 <0.001
A history of malignancy 16 (5.10%) 131 (72.38%) 1(12.94%)

Clinical-RM4

Age (years) 17.00 (13.00, 25.30) 26.00 (19.00, 34.05) 44,00 (33.00, 52.00) 127.47 <0.001
Size (cm) 8.00 (5.41, 10.26) 11.75(8.00, 14.41) 11.00 (8.62, 13.58) 31.792 <0.001
Female 26 (32.10%) 47 (44.34%) 60 (47.24%) 4.904 0.086
Male 55 (67.90%) 59 (55.66%) 67 (52.76%)

Zone | 23 (28.40%) 28 (26.42%) 30 (23.62%) 24.453 0.002
Zone I 5(6.17%) 8 (7.55%) 16 (12.60%)

Zone il 0 (12.35%) 8 (7.55%) 17 (13.39%)

Zone IV 28 (34.57%) 16 (16.09%) 20 (15.75%)

Multi-zone 5(18.52%) 46 (43.40%) 44 (34.65%)

No history of malignancy 76 (93.83%) 99 (93.40%) 123 (96.85%) 1,687 0.43
A history of malignancy 5(6.17%) 7 (6.60%) 4(3.15%)

Clinical-RM?1: class 1= benign tumor, class 2 = malignant tumor; Clinical-RM2: class 1 = neurogenic tumor, class 2 = giant cell tumor; Clinical-RMB3: class 1 = sarcoma, class 2 = metastatic
tumor, class 3 = chordoma; Clinical-RM4: class 1 = Ewing's sarcoma, class 2 = osteosarcoma, class 3 = chondrosarcoma.
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Testing data set
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Radiomics model
Training data set
STAS()
STAS(+)

Testing data set
STAS()
STAS(+)

MixModel
Training data set
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Testing data set
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STAS(+)

Actual results

STAS ()
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Accuracy (%)
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61.7
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Rows correspond to the prediction of the logistic algorithm, and columns to known outcomes. STAS, spread through air spaces; STAS+, presence of spread through air spaces; STAS-,

absence of spread through air spaces.
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Estimate Std. Error z value Pr (>[z)
(Intercept) -2.4 1.4 -1.8 0.08
Sex -0.1 0.3 -0.2 0.8
Age 0.02 0.0 -0.1 0.9
Smoking 04 0.4 11 0.3
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GGOradio -0.4 1.1 -0.4 0.7
density_solid 04 Tt 04 07
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radiomics_score 5.1 0.7 741 0.0

GGOs, ground-glass opacities; mGGO, mix GGO
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Patients with pathologically proven malignant solid tumors
who had been treated with ICI were retrospectively enrolled
from five centers between February 2017 and April 2020

(N=463)

Inclusion Criteria:
(1) CT scan was performed prior to the initiation of
ICI within <2 weeks;

(2) At least two cycles of ICI;

(3) All solid tumors were pathologically confirmed.

Exclusion Criteria:
(1) No baseline or follow-up images (N=33);
(2) No measurable lesion (N=12);

(3) with other concurrent malignancies (N=6

).

v

| First evaluation by iRECIST (N=412)

Exclusion Criteria:
J iPR (n=76)
(2) iSD (n=39)

(3) iCR (n=0)
Second evaluation by iRECIST(N=297)

v

Pseudoprogression(PsP) (N=34) | immune confirmed progressive disease (iCPD) (N=263)

Hyperprogression disease(HPD) (N=43)
HPD Lesion (Neion=67)

Standard progression disease(sPD) (N=220)
sPD Lesion in 2018 (Ni5ion=58)

PsP Lesion (Nie;on=42)
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Estimate Std. Error z value Pr (>]2))
(Intercept) -0.76 0.20 -3.82 <0.001
wavelet.LHH_firstorder_TotalEnergy 0.49 0.20 2.50 0.012
wavelet.HLL_ngtdm_Complexity 0.21 0.186 1.15 0.249
wavelet.LLL_gldm_SmallDependenceHighGrayLevelEmphasis 0.46 0.28 1.68 0.093
log.sigma.6.0.mm.3D_glcm_MCC 1.28 0.52 2.46 0.014
gradient_glcm_Correlation 0.78 0.18 4.23 <0.001
original_glszm_SmallAreaEmphasis 0.30 0.23 1.30 0.194
original_firstorder_Minimum 0.77 0.20 373 <0.001
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Train cohort Test cohort

STAS(+) N=136 STAS(-) N=180 P value STAS(+) N=33 STAS(-) N=46 P value

Gender 75 (65.1%) 92 (51.1%) 0.49 18 (54.4%) 20 (43.5%) 0.368

Age 59.4+ 102 582+ 103 0310 600+ 11.1 58.9+ 9.1 0.660
Smoking 25 (18.4%) 22 (12.2%) 0.151 9 (27.3%) 7 (15.2%) 0.258
Size 213463 18+ 6.7 <0.001 21.7+59 18.2+69 0.019*
GGO ratio 0.08+0.20 0.38  0.42 <0.001 0.08 +0.22 0.45 + 0.40 <0.001*
Solid nodule 123 (55.6%) 100 (55.6%) <0.001 29 (87.9%) 19 (41.3%) <0.001*
mGGO 9(6.6%) 49 (27.2%) <0.001 4(12.1%) 22 (47.8%) 0.001*

*P<0.05 based on comparisons between the two groups. Data are mean + SD. STAS, spread through air spaces; STAS+, presence of spread through air spaces; STAS-, absence of
spread through air spaces,GGOs, ground-glass opacities; mGGO, mix GGO.
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Estimate Std. Error z value Pr (>]2))

(Intercept) -1.10 1.25 -0.88 0.378
Sex 0.06 0.25 0.24 0.811
Gender 0.01 0.01 -0.18 0.861
Smoking 0.61 0.87 1.68 0.093
Size 0.03 0.02 1.70 0.089
GGO ratio -1.59 0.99 -1.62 0.106
Solid nodule 0.65 0.99 0.66 0.509
mGGO -0.25 0.71 -0.35 0.723

GGOs, ground-glass opacities; mGGO, mix GGO.
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Factor

N
Gender
Male
Female
Age, years
History of smoking
Diameter, mm
GGO ratio
Density
pGGO
mGGO
Solid
Histologic subtypes
Lepidic predominant
Acinar predominant
Micropapillary
Papillary predominant
Solid predominant
Mucinous predominant
Resection margin
Negative
Positive
Pleural invasion
Absence
Present
Perineural invasion
Absence
Present
EGFR
Negative
Positive
ALK
Negative
Positive

Total patients

395

207 (52.4%)
188 (47.6%)
59 +10
63 (15.9%)
19+6.7
0.25 £ 0.37

39 (9.9%)
85 (21.5%)
271 (68.6%)

38 (9.6%)
171 (43.3%)
26 (6.6%)
106 (26.8%)
44 (11.1%)
10 (2.5%)

373 (94.4%)
22 (5.6%)

358 (90.6%)
37(9.4%)

379 (95.9%)
16 (4.1%)

154/261 (59%)
107/261 (41%)

288/303 (95%)
15/308 (6%)

STAS (+)

169

94 (55.6%)
75 (44.4%)
60 + 10
34 (20.1%)
21163
0.08 021

4 (2.4%)
18(7.7%)
152 (89.9%)

4 (2.4%)
74 (43.8%)
21 (12.4%
37 (21.9%
30 (17.8%

3(1.8%)

)
)
)
)

154 (91.1%)
15 (8.9%)

144 (85.2%)
25 (14.8%)

160 (94.7%)
9 (5.3%)

76/115 (59%)
39/115 (33.9%)

11/124 (8.9%)
113/124 (91.1%)

STAS ()
226

113 (50%)
113 (50%)
58+ 10
29 (12.8%)
18+ 6.7
0.38 + 0.42

35 (15.5%)
72 (31.9%)
119 (52.7%)

34 (15%)
97 (42.9%)
5 (2.2%)
69 (30.5%)
14 (6.2%)
7(3.1%)

219 (96.9%)
7(31%)

214 (94.7%)
12 (5.3%)

219 (96.9%)
7 (31%)

78/146 (53.4%)
68/146 (46.6%)

4/179 (2.2%)
175/179 (97.8%)

p-value

0.268

0.232
0.053
<0.001*
<0.001*
<0.001*

<0.001*

0.013*

0.001*

0.266

0.039*

0.009*

*P<0.05 based on comparisons between the two groups. Data are mean = SD or n/N (%). STAS, spread through air spaces; STAS+, presence of spread through air spaces; STAS-,
absence of spread through air spaces; EGFR, epidermal growth factor receptor; ALK, anaplastic large-cell ymphoma kinase; GGOs, ground-glass opacities; pGGO, pure GGO; mGGO,

mix GGO.
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RS

Intra-tumoral
Peri-tumoral
Combined

Cutoff

0.109
0.386
-0.298

Training dataset (N=75)

Testing dataset (N=34)

PsP HPD

-0.56 (-0.78, 0.44) 1.19(0.13, 2.67)
-0.61 (-1.56, 0.43) 1.24 (041, 2.52)
-0.53 (-0.94, 0.41) 1.34(0.18, 2.43)

P value

<0.001*
<0.001*
<0.001*

PsP HPD
0.00 (-0.66, 1.08) 1.20 (0.92, 2.04)
-1.66 (-3.80, 0.13) 0.82 (0.07, 2.48)
-0.38+0.96 0.88+0.94

P value
P value
0.009* 0.309
0.002* 0.278

0.001* 0.243
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CEUS radiomics features

wavelet-LHL_glrim_LongRunLowGraylLevelEmphasis
wavelet-HLL_glcm_MaximumProbability
wavelet-HLL_glrim_LongRunHighGrayLevelEmphasis
wavelet-HLL_glrim_RunVariance
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Cohort Malignant Benign AUC

B-US Radiomics CEUS Radiomics

Training cohort 68 22 0.811 0.770
Validation cohort 26 7 0.736 0.736






OPS/images/fonc.2022.757389/fonc-12-757389-g005.jpg





OPS/images/fonc.2021.738909/table2.jpg
B-US Radiomics Feature
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wavelet-LHL_glszm_GraylevelVariance
wavelet-LHH_gldm_LargeDependenceHighGrayLevelEmphasis
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Parameter

Age
Gender

Location

Components

Echo

Border
Margin

Tall than wide Shape

Calcifications

Contrast enhancement pattern

Grade of TI-RADS+CEUS

Average

Male

Female

Left lobe

Gap

Right lobe

Solid

Cystic solid mixed
Hypoechogenicity
Equalechogenicity
Hyperechogenicity
Well-defined
li-defined

Regular

Irregular

>1

<1

=1
Microcalcifications
No Microcalcifications
Low enhancement
Equal enhancement
High enhancement
3

4a

4b

5

Malignant group

43734 +1.189
23 (24.47%)
71 (75.53%)
45 (47.87%)

7 (7.45%)
42 (44.68%)
88 (93.62%)

6 (6.38%)
85 (90.42%)

4 (4.26%)

5 (5.32%)
15 (15.96%)
79 (84.04%)
39 (41.49%)
55 (58.51%)
41 (43.62%)
49 (52.13%)
4 (4.25%)

64 (68.09%)

30 (31.91%)

82 (87.23%)
9 (9.58%)
3(3.19%)

00

16 (17.02%)

36 (38.30%)

42 (44.68%)

Benign group

48.069 + 2177
4(13.79%)
25 (86.21%)
14 (48.27%)
2 (6.90%)
13 (44.83%)
24 (82.76%)
5 (17.24%)
17 (68.62%)
4 (13.79%)
8 (27.59%)
17 (58.62%)
12 (41.38%)
22 (75.86%)
7 (24.14%)
5 (17.24%)
24 (82.76%)
0(0)
6 (20.69%)
23(79.31%)
20 (68.97%)
7 (24.14%)
2 (6.89%)
7 (24.14%)
12 (41.38%)
6 (20.69%)
4(13.79%)

P value

0.941
0.225

1.000

0.156

<0.01

<0.01

<0.01

<0.05

<0.01

0.053

<0.01
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Delta-radiomics feature
type:

BED20

BED40

Feature 1
Feature 2
Mean AUC

2.5% AUC value
97.56% AUC value

GLCM sum average

Large zones low gray level-
emphasis

0.845

0.794

0.856

Low gray-level run
emphasis
Run percentage

0.567
0.502
0.675
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Patient Number Response Total BED BED/Fx BED20 BED40

1 RS 72 14.4 Fx1-Fx3 Fx1-Fx4
2 NR 59.5 1.9 Fx1-Fx3 Fx1-Fx5
3 NR 72 14.4 Fx1-Fx3 Fx1-Fx4
4 NR 100 20 Fx1-Fx2 Fx1-Fx3
5 NR 59.5 1.9 Fx1-Fx3 Fx1-Fx5
6 RS 54.8 11.0 Fx1-Fx3 Fx1-Fx5
7 RS 72 14.4 Fx1-Fx3 Fx1-Fx4
8 NR 72 14.4 Fx1-Fx3 Fx1-Fx4
9 NR 72 14.4 Fx1-Fx3 Fx1-Fx4
10 RS 59.5 1.9 Fx1 - Fx3 Fx1-Fx5
11 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
12 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
13 RS 100 20.0 Fx1-Fx2 Fx1-Fx3
14 RS 132 26.4 Fx1-Fx2 Fx1-Fx3
16 RS 100 20.0 Fx1-Fx2 Fx1-Fx3
16 RS 100 20.0 Fx1-Fx2 Fx1-Fx3
17 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
18 RS 615 12.3 Fx1-Fx3 Fx1-Fx5
19 RS 100 20.0 Fx1-Fx2 Fx1-Fx3
20 RS 100 20.0 Fx1-Fx2 Fx1-Fx3
21 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
22 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
23 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
24 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
25 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
26 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
27 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
28 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
29 NR 100 20.0 Fx1-Fx2 Fx1-Fx3
30 NR 72 14.4 Fx1-Fx3 Fx1-Fx4

The second column contains the binary response classification for each patient, the third column is the total BED for the entire treatment, and the column “BED/Fx" is the total BED divided
equally between the number of fractions (in Gy). The final two columns contain the fractions used to calculate the difference corresponding to the binning scheme for delivered dose for each
type of delta-radiomics texture features.
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Models

B-US radiomics
CEUS radiomics
B-US+CEUS radiomics
TI-RADS+CEUS

AUC

0.791
0.766
0.861
0.785

95%Cl (AUC)

lower bound

0.699
0.671
0.785
0.681

upper bound

0.883
0.861
0.938
0.889

P value

Compare to TI-RADS+
CEUS

0.935
0.743
0.217

Compare to B-US+CEUS
radiomics

0.013
0.026

0.217
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Models

Sensitivity (%) Specificity (%) PPV (%) NPV (%) Accuracy (%)
B-US radiomics 97.87 31.03 82.14 81.82 82.11
CEUS radiomics 96.81 27.59 81.25 72.72 80.49
B-US+CEUS radiomics 94.68 51.72 86.41 75.00 84.55
TI-RADS+CEUS 100 24.14 81.03 100 82.11
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Methods Cohorts AUC 95% CI Sensitivity (%) Specificity (%) Accuracy (%)
T stage HR-T2WI Training 0.877 0.791-0.937 86.54 78.38 79.78
Validation 0.845 0.734-0.923 76.67 85.71 78.46
ADC maps Training 0.902 0.820-0.955 81.08 92.31 89.86
Validation 0.881 0.777-0.948 83.33 88.57 83.08
Combination Training 0.941 0.870-0.980 89.19 94.23 89.89
Validation 0.910 0.812-0.966 90.00 88.57 87.69

Combination means the joint application of classification models based on HR-T2WI and ADC maps.
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Feature

Shape Sphericity
Shape Maximum

2D Diameter Column
NGTDM Strength
Wavelet HLH

First order Energy
Wavelet LLL

First order Range
Log 6 =2.0mm 3D
NGTDM Contrast
Log o = 4.0 mm 3D
Firstorder Skewness
Log 6 = 5.0 mm 3D
First order Maximum
Log o = 5.0 mm 3D
First order Kurtosis
Log 6 = 5.0 mm 3D
First order Interquartile Range

T1-2 (0 =52)

0.600 +0.112
36.864 + 7.143

1768.469 + 631.326
6534962116 + 2544354482

86766.186 + 14721.532

148.315 + 272.076

-0.048 + 0.318

3466.430 + 1879.743

2.637 + 0.579

4557.574 + 1560.537

%Independent sample t-test was used, and data are the mean = SD;

®Mann-Whitney U test was used, data are the medians + interquartile range.
AUC, area under the receiver operating characteristic curve; NGTDM, neighborhood gray-tone difference matrix; Log, Laplacian of Gaussian.

T3-4 (n=37)

0.547 + 0.106
42.638 + 11.033

1546.459 + 600.620
7850582575 + 6464968925

78306.717 + 20030.935

81.591 + 127.352

-0.225 + 0.409

4534.088 + 1810.633

2.811£0.617

4270.367 + 1436.946

AUC

0.641

0.752

0.647
0.623

0.614

0.683

0.598

0.659

0.659

0.634

Rs

-0.235

0.431

-0.251
0.210

-0.239

-0.313

-0.239

0.276

0.272

-0.229

P value

0.027%

<0.001°

0.018°
0.049°

0.024%

0.003°

0.024%

0.009*

0.011°

0.032°
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Feature T stage AUC Rs P value
T1-2 (n=52) T3-4 (n =37)

Shape Flatness 0.444 + 0.139 0513+ 0.131 0.659 0.247 0.020%

Wavelet HHH 0.788 + 0.582 0.512 £ 0.309 0.713 -0.364 <0.001°

NGTDM Strength

Log ¢ = 4.0mm 3D -76.35 + 33.73 -90.52 + 28.83 0.640 0.249 0.041%

Firstorder Minimum

Log ¢ = 3.0mm 3D GLSZM Large Area High Gray Level Emphasis 23925.256 + 26104.701 47535.971 + 65621.849 0.643 -0.249 0.018°

Log ¢ = 5.0mm 3D 54.943 + 21.370 50.147 + 12.872 0.646 -0.217 0.019°

Firstorder Interquartile Range

“Independent sample t-test was used, and data are the mean = SD;
®Mann-Whitney U test was used, data are the medians + interquartile range.

AUC, area under the receiver operating characteristic curve; NGTDM, neighborhood gray-tone difference matrix; Log, Laplacian of Gaussian; GLSZM, gray level size zone matrix.
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Characteristics Training cohort Validation cohort P value
T1-2 T3-4 T1-2 T3-4
Total patients 52 (58.43%) 37 (41.57%) 35 (53.85%) 30 (46.15%)
Age (vears) 61.29 + 9.645 59.97 + 13.268 58.86 + 13.425 61.91 + 10.262 0.589°
Sex 0.980°
Male 35 (67.31%) 25 (67.57%) 24 (68.57%) 20 (66.67%)
Female 17 (32.69%) 12 (32.43%) 11 (31.43%) 10 (33.33%)
Tumor location 0.083°
Proximal rectum 16 (30.77%) 12 (32.43%) 10 (28.57%) 10 (33.33%)
Middle rectum 19 (36.54%) 15 (40.54%) 13 (37.14%) 12 (40.00%)
Distal rectum 17 (32.69%) 10 (27.03%) 12 (34.19%) 8(26.67%)
Lymph node invasion 0.008°
Negative 44 (84.62%) 22 (59.46%) 26 (74.29%) 16 (53.33%)
Positive 8 (15.38%) 5 (40.54%) 9(25.71%) 14 (46.67%)

“Independent sample t-test was used;
°Chi-square test was used.
Date are number (%) or mean + Standard deviation.
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Ref. Year Country Subject Key findings

number
Shi G et al. (82) 2020 China 52 IVIM histogram metrics can predict expression of the cell proliferation marker Ki-67.
Hectors SJ et al. (116) 2020 United 48 Radiomics features extracted from MR images correlate with quantitative expression of the immune markers CD3,
States CD68 and CD31and expression of the immunotherapy targets PD-L1 at the protein level, as well as PD1 and

CTLA4 at the mRNA level.

Wang W et al. (17) 2020 China 227 The radiomics-based model performs better than the clinico-radiological model for predicting biliary-specific
marker CK19 status of HCC.

GuDetal (117) 2020 China 293 The MRI-based radiomics signature is significantly related to GPC3positivity (a prognosis factor, was associated
with metastasis and recurrence after resection) in patients with HCC.

YeZetal (118) 2019 China 89 Texture analysis on preoperative enhanced MRI can be used to predict the status of the cell proliferation marker
Ki-67 after curative resection in patients with HCC.

FanYetal (16) 2021 China 133 Texture analysis based on enhanced MRI can help identify VETC-positive HCC (histological vascular pattern,
micrometastases, early recurrence and poor prognosis).

LiY etal (119) 2019 China 83 Texture analysis of multiphase MRI images is helpful for predicting expression of the cell proliferation marker Ki-67
in HCC.

Wang HQet al. (120) 2019 China 86 Texture analysis based on MRI can help identifyCK19-positive HCC(tends to be related to a worse prognosis).

FanY etal. (121) 2021 China 151 A combined model including artery phase radiomics score and serum AFP levels based on enhanced MRI can
preoperatively predict expression of the cell proliferation marker Ki-67 in HCC.

Huang X et al. (122) 2019 China 100 MRI radiomics features can be used to preoperatively differentiate dual-phenotype HCC from CK7- and CK19
(markers of cholangiocellular carcinoma) -negative HCC.

Chen S et al. (123) 2019 China 207 Radiomics obtained from enhanced MRI can help predict the immunoscore (density of CD3+ and CD8+ T cells)

in HCC.
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Training cohort (N=192)

External validation cohort (N=152)

Low-Ki67 High-Ki67 P Low-Ki67 High-Ki67 P
(N=128) (N=64) (N=107) (N=45)
Age (years) 61.8 + 11.23 63.02 + 12.82 0.536 55.86 + 10.74 60.78+ 13.29 0.237
Sex (n) 0.609 0.305
Female 61 28 59 27
Male 67 36 48 18
Site (n) 0.459 0.286
Gastric 83 26 31 15
Intestinal 45 38 76 30

P < 0.05 indicates that difference is statistically significant.
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Model Cohorts C-index (95% CI) AUC' (95% CI) AUC? (95% CI) AUC? (95% ClI)
N stage* training 0.59 (0.54-0.64) 0.62 (0.54-0.71) 0.64 (0.55-0.72) 0.67 (0.58-0.74)
internal validation 0.56 (0.47-0.64) 0.57 (0.44-0.70) 0.60 (0.47-0.73) 0.71 (0.58-0.82)
external validation 0.56 (0.48-0.64) 0.59 (0.44-0.73) 0.62 (0.47-0.75) 0.59 (0.44-0.72)
Rad-score training 0.65 (0.60-0.70) 0.72 (0.64-0.80) 0.74 (0.66-0.81) 0.79 (0.71-0.85)
internal validation 0.61 (0.53-0.68) 0.66 (0.53-0.78) 0.64 (0.50-0.76) 0.67 (0.54-0.79)
external validation 0.60 (0.52-0.68) 0.58 (0.43-0.72) 0.69 (0.55-0.81) 0.76 (0.62-0.87)
Combined model training 0.67 (0.62-0.72) 0.75 (0.67-0.82) 0.78 (0.70-0.84) 0.81 (0.74-0.87)
internal validation 0.61 (0.52-0.69) 0.64 (0.50-0.76) 0.66 (0.52-0.77) 0.72 (0.59-0.83)
external validation 0.60 (0.51-0.69) 0.60 (0.45-0.73) 0.69 (0.55-0.81) 0.71 (0.56-0.83)

AUC', AUCs at 10-month progression-free survival (PFS).
AUC?, AUCs at one-year progression-free survival (PFS).
AUC?®, AUCs at 14-month progression-free survival (PFS).

N stage®, Clinicopathological model was built with N stage.

Cl. confidence interval: AUC, area under the curve.
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Characteristics Training set (n = 140) Internal validation set (n = 60) p value External validation set (n = 50)
Age (years) 0.642

Mean + SD 57.83 + 11.47 58.57 + 12.25 61.46 + 12.99
Gender 0.241

Male 71 (50.7%) 25 (41.7%) 23 (46.0%)

Female 69 (49.3%) 35 (58.3%) 27 (54.0%)
Location 0.826

Left 56 (40.0%) 25 (41.7%) 28 (56.0%)

Other 84 (60.0%) 35 (58.3%) 22 (44.0%)
Pathological typing 0.479

Adenocarcinoma 133 (95.5%) 59 (98.3%) 48 (96.0%)

Other 7 (5.0%) 1(1.7%) 2 (4.0%)
T category 0.925

Tl 22 (15.7%) 10 (16.7%) 6 (12.0%)

T2 49 (35.0%) 18 (30.0%) 12 (24.0%)

T3 28 (20.0%) 3(21.7%) 6(12.0%)

T4 41 (29.3%) 9(31.7%) 26 (52.0%)
N category 0.454

NO 15 (10.7%) 8(13.3%) 9 (18.0%)

N1 20 (14.3%) 6 (1.0%) 3 (6.0%)

N2 51 (36.4%) 17 (28.3%) 6 (12.0%)

N3 54 (38.6%) 29 (48.3%) 32 (64.0%)
M category 0.231

MO 5 (3.6%) 0 (0.0%) 2 (4.0%)

Mia 30 (21.4%) 16 (26.7%) 9(18.0%)

M1b 60 (42.9%) 27 (45.0%) 10 (20.0%)

Mic 45 (32.1%) 17 (28.3%) 29 (58.0%)
Tobacco use 0.311

Smoker 40 (28.6%) 13 (21.7%) 4 (28.0%)

No smoker 100 (71.4%) 47 (78.3%) 36 (72.0%)
Base PS score 0.770

<2 129 (92.1%) 56 (93.3%) 38 (76.0%)

>2 1(7.9%) 4 (6.7%) 2 (24.0%)
Mutation status 0.319

EGFR 19Del 64 (45.7%) 30 (50.0%) =

EGFR 21L858R 53 (37.9%) 25 (41.7%) =

Other EGFR 23 (16.4%) 5 (8.3%) -
CEA 0.835

Mean + SD 110.64 + 209.31 130.37 + 248.97 =
CYFRA21-1 0.987

Mean + SD 8.44 +11.37 10.19 + 18.53 -
Brain metastasis 0.064

Yes 19 (13.6%) 5 (25.0%) 1 (22.0%)

No 121 (86.4%) 45 (75.0%) 39 (78.0%)
Bone metastasis 0.275

Yes 84 (60.0%) 31 (61.7%) 33 (66.0%)

No 56 (40.0%) 29 (48.3%) 17 (34.0%)
Liver metastasis 0.162

Yes 21 (15.0%) 4 (6.7%) 2 (4.0%)

No 119 (85.0%) 56 (93.3%) 48 (96.0%)
Lung metastasis 0.828

Yes 63 (45.0%) 28 (46.7%) 23 (46.0%)

No 77 (55.0%) 32 (63.3%) 27 (54.0%)
Pleural metastasis 0.225

Yes 48 (34.3%) 26 (43.3%) 17 (34.0%)

No 92 (65.7%) 34 (56.7%) 33 (66.0%)
Adrenal metastasis 0.159

Yes 25 (17.9%) 6 (10.0%) 0(20.0%)

No 115 (82.1%) 54 (90.0%) 40 (80.0%)
PFS (months) 0.063

Mean + SD 9.82 + 6.86 12.14 £ 8.47 16.20 + 11.49

Age, CEA, CYFRA21-1 and PFS are shown as mean + standard deviation (SD); other data are the number of patients with the percentage in parentheses. Statistical comparison between
the training cohort and validation cohort was computed with x2 test (categorical variables) or Mann-Whitney U test (continuous variables). PS, performance status; CEA, carcinoembryonic
antigen; CYFRA21-1, non-small cell associated antigens; PFS, progression-free survival.
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Training cohort

Validation cohort

M1
M2
M3
M4
M1 vs. M2
M2 vs. M3
M3 vs. M4,
M1 vs. M4

AUC (95% Cl)
0.782 (0.687-0.877)
0954 (0.908-1.000)
0964 (0.931-0.997)
0975 (0.948-1.000)

Acc (96% C))
0.734 (0.623-0.827)
0912 (0.826-0.964)
0911 (0.826-0.964)
0924 (0.842-0.972)

Sen
0.609
0978
0.935
0913

Spe
0.909
0.818
0.909
0.849

PPV
0903
0883
0935
0894

NPV
0.625
0.964

0.875

<0.001
0.741
0.178
0.001

AUC (95% C)
0.690 (0.531-0.849)
0,945 (0.861-1.000)
0978 (0.941-1.000)
0.983 (0.955-1.000)

Acc (95% CI)
0.659 (0.494-0.799)
0.927 (0.801-0.985)
0.951 (0.836-0.994)
0.961 (0.836-0.994)

Sen
0.583
0.958
0.958
0.958

Spe
0.765
0.882
0.941
0.941

PPV
0778
0920
0958
0958

NPV
0.565
0.938
0.941
0.941

P

<0.001
0404
0.596
<0.001

M1, Clinical model; M2, BI-RADS assessment; M3, Combined Red score; Md, Nomogram model; AUC, area under the ROC curve; Cl, confidence interval: Acc, accuracy; Sen, sensitity; Spe, specificity; PPV, positive predictive value; NPV,
nagative predictive value.
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Feature Dataset Mean = SD P-value AuC
Benign Malignant
Wavelet_HHL_glszm_ZonePercentage Training Cohort 0.006 + 0.006 0.002 + 0.002 <0.001 0.772
Validation Cohort 0.006 + 0.006 0.002 + 0.002 0.021 0.716
Wavelet_LHL _firstorder_Skewness Training Cohort 0.076 + 0.297 -0.147 £ 0.215 <0.001 0.737
Validation Cohort 0.040 + 0.377 -0.176 + 0.168 0.010 0.740
Log_sigma_3_0_mm_3D_glrim_ShortRunLowGrayLevelEmphasis Training Cohort 0.057 + 0.028 0.037 + 0.020 <0.001 0.736
Validation Cohort 0.062 + 0.062 0.035 + 0.015 0.181 0.625
Wavelet_HHLglcm_Imcl Training Cohort -0.099 + 0.049 -0.072 + 0.033 <0.001 0.738
Validation Cohort -0.085 + 0.042 -0.067 + 0.015 0.181 0.625
Original_glcm_Clus-terShade Training Cohort -2,413.833 + 11,596.710  3,361.392 + 14,159.810 0.026 0.648
Validation Cohort ~ -2,950.967 + 10,227.370  5,047.669 + 1,264.26 0.013 0.730
Logarithm_glcm_InverseVariance Training Cohort 0.161 + 0.026 0.146 + 0.022 <0.001 0.667
Validation Cohort 0.152 + 0.022 0.151 + 0.020 <0.001 0.507
Exponential_glcm_MCC Training Cohort 0.583 + 0.305 0.776 + 0.158 0.002 0.710
Validation Cohort 0.539 + 0.269 0.761 + 0.155 0.003 0.772

Glszm, gray level size zone matrix; glrim, gray level run length matrix; glcm, gray level co-occurrence matrix; SD, standard deviation; AUC, area under the ROC curve.
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Cohort AUC(95%Cl) ACC (95%Cl) SEN SPE PPV NPV

DM alone Training Cohort 0.727 (0.612-0.842)

) 0.696 (0.583-0.795) 0.739 0.636 0.739 0.636

Validation Cohort 0.694 (0.524-0.863) 0.707 (0.545-0.839) 0.750 0.647 0.750 0.647

DBT alone Training Cohort 0.850 (0.766-0.940) 0.798 (0.692-0.880) 0.804 0.788 0.841 0.743
Validation Cohort 0.830 (0.698-0.968) 0.781 (0.624-0.894) 0.708 0.882 0.895 0.682

DWI MRI Training Cohort 0.858 (0.775-0.942) 0.810 (0.706-0.890) 0.913 0.667 0.793 0.846
Validation Cohort 0.831 (0.696-0.966) 0.781 (0.624-0.894) 0.750 0.824 0.857 0.700

DCE MRI Training Cohort 0.879 (0.978-0.960) 0.861 (0.765-0.928) 0.957 0.727 0.830 0.923
Validation Cohort 0.855 (0.727-0.984) 0.829 (0.674-0.929) 0.833 0.824 0.870 0.778

DM plus DBT Training Cohort 0.909 (0.842-0.976) 0.861 (0765-0.928) 0.826 0.909 0.927 0.790
Validation Cohort 0.880 (0.779-0.981) 0.805 (0.651-0.912) 0.708 0.941 0.944 0.700

DWI plus DCE Training Cohort 0.930 (0.877-0.982) 0.873 (0.780-0.938) 0.891 0.849 0.891 0.849
Validation Cohort 0.885 (0.768-1.000) 0.878 (0.738-0.959) 0.875 0.882 0.913 0.833

DM, diigital mammography; DBT, digital breast tomosynthesis; DWI, diffusion-weighted imaging; DCE, dynamic contrast enhanced; AUC, area under the ROC curve; Cl, confidence
interval; Acc, accuracy; Sen, sensitivity; Spe, specificity: PPV, positive predictive value; NPV, negative predictive value.
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Characteristic Training cohort

Benign (n = 33) Malignant (n = 46)

Age (years)

<40 10 (30.3) 4(8.7)

40-49 14 (42.4) 19 (41.3)

50-59 8(24.2) 11 (23.9)

>=60 1(3.0) 12 (26.1)
Family history of breast cancer, n (%)

& 26.1) 5(10.9)

= 31(93.9) 41 (89.1)
History of biopsy, n (%)

+ 2(.1) 0(0.0)

N 31(93.9) 46 (1.0)
Menstruation status, n (%)

+ 6(76.8) 20 (49.3)

- 27 (23.2) 26 (50.7)
BI-RADS (DM plus DBT), n (%)

01,23 8(24.2) 0(0.0)

4A, 4B, 4C 24 (72.7) 32 (69.6)

56 1(3.0) 14 (30.4)
BI-RADS (MRI), n (%)

1,2,8 18 (54.5) 0(0.0

4,5 15 (45.5) 46 (100.0)

0.008

0.693

0.171

0.001

<0.001

Validation cohort

Benign (n = 17) Malignant (n = 24)
6(35.2) 283
8(47.1) 9 (37.5)
3(17.6) 4(16.7)
0(0.0) 9 (37.5)
2(11.8) 2(8.3
15 (88.2) 22 (91.7)
1(89.7) 142
16 (10.3) 23(95.8)
1(89.7) 13 (30.3)
16 (10.3) 11 (69.7)
6(35.9) 1(4.2)
11(64.7) 15 (62.5)
0(0.0) 8(33.3)
8(47.1) 0(0.0)
9(62.9 24 (100.0)

BI-RADS, breast imaging reporting and data system; DM, digital mammography; DBT, digital breast tomosynthesis; MRI, magnetic resonance imaging.

0.009

1.000

1.000

0.002

<0.001

<0.001
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Radiomics signatures

PsP VS. HPD  Intra-tumoral
Peri-tumoral
Combined

PsP VS. sPD  Intra-tumoral
Peri-tumoral
Combined

HPD VS. sPD  Intra-tumoral
Peri-tumoral
Combined

0.804 (0.717, 0.881)
0.848 (0.770, 0.918)
0.834 (0.746, 0.914)

0.912 (0.846, 0.966)
0.923 (0.865, 0.972)
0.911 (0.857, 0.954)
0.894 (0.833, 0.945)
0.959 (0.925, 0.986)

Training datasets

ACC

0.733
0.773
0.827
0.838
0.868
0.868
0.824
0.835
0.894

SEN

0.739
0.783
0.935
0.872
0.769
0.821
0.717
0.870
0.804

SPE

0.724
0.759
0.655
0.793
1.000
0.931
0.949
0.795
1.000

PPV

0.810
0.837
0.811
0.850
1.000
0.941
0.943
0.833
1.000

NPV

0.636
0.688
0.864
0.821
0.763
0.794
0.740
0.838
0.812

0.769 (0.602, 0.913)
0.824 (0.688, 0.941)
0.835 (0.704, 0.942)
0.891 (0.788, 0.973)

0.919 (0.813, 0.991
0.891 (0.797, 0.966)
0.899 (0.809, 0.969)
0.933 (0.863, 0.985)

Testing datasets

ACC

0.735
0.765
0.794
0.833
0.833
0.867
0.763
0.763
0.842

SEN

0.857
0.714
0.905
0.882
0.824
0.824
0.714
0.810
0.857

SPE

0.538
0.846
0.615
0.769
0.846
0.923
0.824
0.706
0.824

PPV

0.750
0.882
0.792
0.875
0.833
0.933
0.833
0.773
0.857

NPV

0.700
0.647
0.800
0.786
0.833
0.800
0.750
0.700
0.824

Psp, pseudo-progression; HPD, hyper-progression disease; sPD, standard progression disease; ROC, receiver operating characteristic; AUC, area under ROC curve; ACC, accuracy;
SPE, specificity; SEN, sensitivity; PPV, positive predictive value; NPV, negative predictive value.
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RS Cutoff Training dataset (N=85) Testing dataset (N=38) P value

HPD sPD P value HPD sPD P value
Intra-tumoral 0.741 -2.10+2.64 2.20+2.38 <0.001* -1.25 (-5.95, 0.06) 1.86 (0.63, 3.87) <0.001* 0.965
Peri-tumoral -0.154 -1.01(-15.76, -0.25) 1.37 (0.53, 3.38) <0.001* -6.44 (-29.39, 0.00) 1.92 (0.41, 3.28) <0.001* 0.878
Combined 1.325 -2.84 (-21.49, -0.80) 3.52 (1.75, 5.01) <0.001* -18.12 (-26.04, 0.53) 8.14 (3.0, 9.66) <0.001* 0.345

RS, radiomics signature; PsP, pseudoprogression; HPD, hyperprogression disease; sPD, standard progression disease; * indicated significant differences; Results for normal and non-
normal distributions are means + standard deviation and quartiles
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RS

Intra-tumoral
Peri-tumoral
Combined

Cutoff Training dataset (N=68)
PsP sPD
-0.376 -1.17 (-1.89, -0.46) 2.49 (0.16, 6.15)

0.418 -1.36 (-1.91, 0.02) 3.43(0.68, 7.28)
0.541 -1.43 (-2.37, -0.78) 2.56 (0.95, 11.66)

P value

<0.001*
<0.001*
<0.001*

Testing dataset (N=30)
PsP sPD
-0.69 (-2.27, -0.36) 5.68 (0.26, 7.55)

-0.49 (-1.45,0.16) 5.65 (2.87, 8.47)
-1.76 (-3.03, -0.59) 3.95(1.61, 11.87)

P value

<0.001*
<0.001*
<0.001*

P value

0.723
0.203
0.877
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Factors

Age

Gender

T stage

M stage

CGrade

Stage

Radiogenomics biomarker

NA, not available.

Univariate Analysis

Multivariate Analysis

Hazard Ratio (95%Cl)

1.41(0.84,2.36)
1.36 (0.81,2.28)
3.97 (2.27,6.94)
3.94 (2.30,6.76)
2.28(1.57,3.30)
3.17 (2.05,4.92)
246 (1.45,4.19)

P Value Hazard Ratio (95%Cl) P Value
0.19 NA NA
0.25 NA NA
<0.01 2.33 (1.21,4.50) 0.02

<0.01 1.67 (0.87,3.24) 0.12
0.03 1.42(0.93,2.18) 0.10
<0.01 NA NA
<0.01 1.81(1.04,3.14) 0.03





OPS/images/fonc.2021.730854/fonc-11-730854-g005.jpg





OPS/images/fonc.2021.724191/im1.jpg





OPS/images/fonc.2021.739815/table1.jpg
Hypoxia-related genes

IFT57
PABPN1
RNF10
RNF19B
UBE2T

Coef

-0.092391582
0.023407623
0.066942512
-0.043239752
0.089040247

HR

0.911748056
1.023683732
1.069234008
0.957681757
1.093124651

HR.95L

0.840186788
0.995610475
1010052418
0.907947788
1.001637183

HR.95H

0.989404414
1.052548572
1.131883201
1.010139965
1.192968395

Cox p-value

0.026733824
0.098966027
0.021208353
0.112021756
0.04586362
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Models Training Cohort (n = 120) Validation Cohort (n = 50)

Sensitivity Specifity Accuracy (95%Cl) AUC (95%Cl) Sensitivity Specifity Accuracy (95%Cl) AUC (95%CI)

Clinical model 0.67 0.69 0.68 0.69 0.50 0.79 0.70 0.72
(0.59, 0.76) (0.59,0.79) (0.55, 0.82) (0.57, 0.87)

MP-Radscore 0.91 0.80 0.84 0.89 0.81 0.88 0.82 0.88
(0.76, 0.90) (0.82,0.95) (0.73, 0.89) (0.77, 0.98)

Combined 0.92 0.81 0.85 0.91 0.71 0.90 0.78 0.90

nomogram (0.77,091) (0.84,097) (0.64,0.88) (0.81, 1.00)
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Intercept & Variable

Combined Model (95%Cl)

Clinical Model (95%Cl)

Odds Ratio P Value Odds Ratio P Value
Intercept 0.74 (0.05,10.13) <0.01 0.45 (0.06, 3.11) <0.01
Tumor location 1.69 (0.54, 5.42) 0.05 265 (1.62, 2.70) 0.03
Cyst number 0.76 (0.23, 2.48) 0.01 0.80 (0.11, 0.75) <0.01
MP-Radscore 4.25 (2.58, 7.96) <0.01 NA NA

NA, not available.
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Characteristics Training Cohort (n = 120) Validation Cohort (n = 50)
SCN (n =81) MCN (n=39) P SCN (n = 34) MCN (n = 16) P
Age, mean x SD 512+ 115 50.8 + 14.9 .890 56.4 + 14 539+ 11.1 .523
Sex, No (%)
Male 15(18.5) 3(7.7) 199 11(36.7) 2(125) 251
Female 66 (81.5) 36 (92.3) 23 (63.3) 14 (87.5)
Lesion size (cm) 40+25 47 +21 113 43+24 5527 105
Tumor location
Head and neck 37 (45.7) 9(23.1) 029 3(38.2) 13(81.2) o1
Body and tail 44 (54.3) 30 (76.9) 21 (61.8) 3(1838)
Cyst number
Single 50 (61.7) 33 (93.9) .019 16 (47.1) 12(75.0) 120
Multiple 31(38.3) 6 (6.1) 18 (52.9) 4(25.0)
Calcification
Absent 53 (65.4) 25 (64.1) 1.00 20 (58.8) 12(75.0) 426
Present 28 (34.6) 14 (35.9) 14 (41.2) 4(25.0)
Septation
Absent 40 (49.4) 14 (35.9) 232 11 (32.4) 8(50.0) 375
Present 41 (50.6) 25 (64.1) 23 (67.6) 8(50.0)
Lesion shape
Oval 50 (61.7) 27 (69.2) 548 20 (58.8) 12 (75.0) 426
Irregular lobulation 31(38.3) 2(30.8) 14 (41.2) 4(25.0)
Wall enhancement
Absent 57 (70.4) 26 (64.1) 1.00 23 (67.6) 11(68.8) 1.00
Present 24 (29.6) 3(35.9) 11(32.4) 5(31.2)
Mural nodules
Absent 64 (79.0) 35 (89.7) 233 23 (67.6) 15(93.8) 1096
Present 17 (21.0) 4(10.3) 11 (32.4) 16.2)
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Model AIC Training cohort Validation cohort

(n=153) (n =65)

C-index (95% Cl)  C-index (95% Cl)

Radiological label 410.78 0.716 (0.645-0.787)

0.718 (0.612-0.825)
Radiomics nomogram  399.28  0.742 (0.674-0.810)

0.715 (0.609-0.820)
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Factors Training cohort LRFS (%) P Validation cohort LRFS (%) P
(n=153) (n=65)
1-year 2-year 3-year 1-year 2-year 3-year
Gender
Male 75.2 69.5 69.5 0.423 71.4 714 71.4 0.649
Female 83.3 75.0 75.0 77.3 68.2 63.6
Location
Cervical 63.6 63.6 63.6 0.401 - - - 0.140
Upper 87.8 780 78.0 935 87.5 87.5
Middle 72.7 66.2 66.2 73.2 64.9 59.5
Lower 83.3 792 79.2 58.3 58.3 58.3
Lesion length
<5cm 85.9 776 77.6 0.035 78.4 73.0 73.0 0.235
>5cm 70.6 63.2 63.2 71.4 60.7 57.1
Maximum tumour wall thicknesses (Pre-RT)
<1.5cm 84.4 76.7 76.7 0.042 79.5 69.2 64.1 0.724
>1.5cm 68.3 63.5 63.5 69.2 69.2 69.2
Maximum tumour wall thicknesses (Post-RT)
<1.5cm 80.7 733 73.3 0.048 79.2 ang ang 0.540
>1.5¢cm 55.6 55.6 55.6 60.0 60.0 60.0
T stage
T1-3 80.5 746 74.6 0.099 79.5 727 68.2 0.449
T4 68.6 60 60 66.7 61.9 61.9
Tracheal invasion
No 79.3 736 73.6 0.267 77.6 714 67.3 0.533
Yes 71.9 62.5 62.5 68.8 62.5 62.5
Prevertebral soft tissue invasion
No 77.8 70.8 70.8 0.691 85.7 7.4 71.4 0.784
Yes 77.8 778 7.8 744 69 65.5
Aortic invasion
No 79.9 729 72.9 0.032 76.8 69.6 66.1 0.938
Yes 44.4 44.4 44.4 66.7 66.7 66.7
Supraclavicular lymph node metastasis
Yes 74.4 701 70.1 0.537 70.8 62.5 58.3 0.036
No 88.6 743 743 88.2 88.2 88.2
N stage
NO 85.7 85.7 85.7 0.135 71.4 429 28.6 0.093
N1 80.4 739 73.9 70.8 625 62.5
N2 81 73 73 7.4 74 71.4
N3 63.3 56.7 56.7 923 84.6 94.6
TNM stage
- 83.5 773 77.3 0.025 78.4 70.3 67.6 0.606
Va 67.9 60.7 60.7 71.4 67.9 64.3
Albumin level (Pre-RT) (g/L)
High (=40) 72.4 67.1 67.1 0.259 69.7 63.6 60.6 0.333
Low (<40) 82.7 747 747 80 733 73.3
Chemotherapy
Yes 79.7 729 72.9 0.728 73.7 7141 68.4 0.668
No 76.6 70.2 70.2 778 66.7 63
Chemoradiotherapy
Yes 79.1 73.3 733 0.573 65.2 60.9 60.9 0.408
No 76.1 68.7 68.7 81 73.8 69
Radiation dose(Gy)
<60 774 755 75.5 0.512 68.2 63.6 59.1 0.401
60 81.6 735 735 62.5 62.5 62.5
>60 78.4 64.7 64.7 88.9 77.8 741
Short-term clinical effect
CR 88.6 86.4 86.4 0.01 88.9 83.3 77.8 0.194
Non-CR 73.4 65.1 65.1 70.2 63.8 61.7
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Factors Training Validation X3/t P
cohort cohort (n = 65)
(n=153)
Age (years) 65.98 + 8.73 67.52 +8.41 1.206 0.229
Gender
Male 1056 44 0.018 0.982
Female 48 21
Location
Cervical 1" 0 5.349 0.148
Upper 41 16
Middle 77 37
Lower 24 12
Length (cm) 5.35+ 195 529+270 0211 0.833
Maximum tumour wall 1.43 + 047 145+032 0.377 0.706
thicknesses (Pre-RT) (cm)
Maximum tumour wall 1.09 + 043 1.45+0.36 1.065 0.288
thicknesses (Post-RT) (cm)
T stage
T1-3 118 44 2126 0.145
T4 35 21
Tracheal invasion
No 121 49 0.364 0.546
Yes 32 16
Prevertebral soft tissue
invasion
No 144 58 1.602 0.206
Yes 9 7
Aortic invasion
No 144 56 3.819 0.051
Yes 9 9
Supraclavicular lymph node
metastasis
Yes 32 14 0.011 0.918
No 121 51
N stage
NO 14 7 1.727 0.631
N1 46 24
N2 63 21
N3 30 13
TNM stage
-l 97 37 0.808 0.369
IVa 56 28
Chemotherapy
Yes 94 38 0.169 0.681
No 59 27
Chemoradiotherapy
Yes 67 23 1.330 0.249
No 86 42
Radiation dose (Gy)
<60 53 22 1.707 0.426
60 49 16
>60 51 27
Short-term clinical effect
CR 44 18 0.025 0.873
Non-CR 109 47
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Cohort ROI

os

PFS

Dss

Training ROIA
ROIB
ROIC
ROID
ROIE
Clinical

Validation ROIA
ROI B
ROI C
ROID
ROIE
Clinical

0.850 (0.794-0.905)
0.834 (0.777-0.891)
0.812(0.751-0.873)
0.827 (0.773-0.882)
0.814 (0.759-0.870)
0.662 (0.580-0.744)
0.681 (0.538-0.824)
0.725 (0.590-0.859)
0.723 (0.579-0.870)
0.675 (0.528-0.821)
0.685 (0.540-0.830)
0.645 (0.538-0.732)

0.812 (0.756-0.869)
0.792 (0.731-0.853)
0.787 (0.751-0.823)
0.801 (0.744-0.857)
0.780 (0.722-0.838)
0.580 (0.489-0.670)
0.655 (0.516-0.793)
0.676 (0.540-0.811
0.678 (0.540-0.814)
0.670 (0.533-0.805)
0.668 (0.528-0.807)
0.606 (0.527-0.708)

0.845 (0.789-0.901)
0.844 (0.793-0.894)
0.784 (0.714-0.855)
0.851 (0.797-0.904)
0.828 (0.771-0.885)
0.631 (0.547-0.715)
0.724 (0.594-0.854)
0.710 (0.585-0.836)
0.710 (0.582-0.838)
0.700 (0.565-0.833)
0.706 (0.586-0.825)
0.611 (0.560-0.692)

The 95% confidence interval is indicated in ().

DSS, disease-specific survival: OS, overall survival; PFS, progression-free survival: ROI, region of interest.
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Training cohort P Validation cohort P
Short-term Long-term Short-term Long-term

0s Patient no. 47 47 15 25
Age, mean + SD 6213 £ 12.72 54.64 + 12.69 0.003 62.53 + 17.08 51.54 + 14.36 0.045
Gender, no. (%) 0.052 0.870
Male 26 (55.3%) 35 (74.5%) 8 (63.3%) 14 (56.0%)
Female 21 (44.7%) 12 (25.5%) 7 (46.7%) 11 (44%)
KPS, median (1) 80 (40-100) 80 (60-100) 0.050 80 (60-100) 80 (60-100) 0.068
Race, no. (%) 0.536 0.414
White 40 (85.1%) 42 (89.4%) 11 (73.3%) 21 (84.0%)
Others 7 (14.9%) 5(10.6%) 4(26.7%) 4 (16.0%)
Hemisphere no. (%) 0.778 0.680
Unilateral 39 (83.0%) 40 (85.1%) 8 (63.3%) 5 (60.0%)
Bilateral 8 (17.0%) 7 (14.9%) 7 (46.7%) 0 (40.0%)

PFS Patient no. 47 47 17 28
Age, mean + SD 60.74 + 13.77 56.15 + 12.35 0.056 59.64 + 20.34 54.91 + 11.47 0.234
Gender, no. (%) 0.668 0.676
Male 31 (65.9%) 29 (61.7%) 10 (68.8%) 12 (52.2%)
Female 16 (34.1%) 18 (38.3%) 7 (41.2%) 1(47.8%)
KPS, median (1) 80 (40-100) 80 (60-100) 0.008 80 (60-100) 80 (60-100) 0171
Race, no. (%) 0.536 0.201
White 40 (85.1%) 42 (89.4%) 12 (70.6%) 20 (87.0%)
Others 7 (14.9%) 5(10.6%) 5 (29.4%) 3 (13.0%)
Hemisphere no. (%) 0.102 0.622
Unilateral 38 (80.9%) 31 (65.9%) 15 (88.2%) 19 (82.6%)
Bilateral 9(19.1%) 6 (34.1%) 2 (11.8%) 4 (17.4%)

DSS Patient no. 45 45 15 22
Age, mean + SD 60.58 + 13.70 55.44 + 12.34 0.034 50.13 + 156.61 52.18 + 14.58 0.066
Gender, no. (%) 0.028 0.729
Male 24 (53.3%) 34 (75.6%) 8 (53.3%) 13 (69.1%)
Female 21 (46.7%) 11 (24.4%) 7 (46.7%) 9 (40.9%)
KPS, median (1) 80 (60-100) 80 (60-100) 0.055 80 (60-100) 80 (60-100) 0.035
Race, no. (%) 0.725 0.890
White 40 (88.9%) 41 (91.1%) 12 (80.0%) 18 (36.4%)
Others 5(11.1%) 4 B8.9%) 3(20.0%) 4 (63.6%)
Hemisphere no. (%) 0.694 0.417
Unilateral 41 (91.1%) 42 (93.3%) 9 (60.0%) 16 (72.7%)
Bilateral 4 (8.9%) 3 (6.7%) 6 (40.0%) 6 (27.3%)

P values <0.05 are shown in italics.

DSS, disease-specific survival; KPS, Karnofsky Performance Scale; OS, overall survival; PFS, progression-free survival.
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Method MSE MAE RMSE

Mask Original+ Clinical 92542.55 233.08 297.83
Wavelet+ Clinical 89551.18 236.87 296.02

Original 95207.94 235.46 301.94

Wavelet 88840.27 236.17 294.93

Predict Original+ Clinical 168230.24 280.82 389.52
Wavelet+ Clinical 167600.90 292.26 400.93

Original 167355.79 279.59 388.28

Wavelet 167466.49 292.26 401.19
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Method MSE MAE RMSE

Mask CNN+ Radiology+ Clinical 87679.85 225.59 288.84
Radiology+ Clinical 88899.18 228.04 292.25

CNN (RF) 91838.87 235.86 297.16

CNN(DL) 113472.38 257.71 336.86

Predict CNN+ Radiology+ Clinical 100053.08 240.05 316.31
Radiology+ Clinical 162904.10 284.54 392.51

CNN(RF) 153998.46 284.13 378.85

CNN(DL) 136770.59 269.37 358.92

The bold values provided mean the best performed method.
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Clinical feature Training group (n = 197) Verification group (n = 85) p value t value or x2 value

Sex Male 126 (64.0%) 52 (61.2%) 0.66 0.20
Female 71 (36.0%) 33 (38.8%)

Age (years) 61.6 +8.9 62.4 +9.2 049 0.69

Tumor maximum diameter (cm) 41+£22 40+23 0.58 0.55

Smoking Yes 111 (56.3%) 41 (48.2%) 0.18 1.81
No 86 (43.7%) 44 (51.8%)

Pathological type ACC 110 (55.8%) 48 (56.5%) 091 0.19*
SCC 48 (24.4%) 21 (24.7%)
NEC 39 (19.8%) 16 (18.8%)

*¥2 value (continuous variables were analyzed by t test, and categorical variables were analyzed by chi-square test).
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Dataset MSE MAE RMSE

BraTS 2019 96470.98 229.07 306.78
BraTS 2020 100053.08 240.05 316.31
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Segmentation
Model

NL-VNet
SE-VNet
VNet
CNN

Dice Sensitivity Specificity Hausdorff95
ET WT TC ET WT TC ET WT TC ET WT TC
0.68 0.83 0.74 0.78 0.90 0.78 0.99 0.99 0.99 44.66 11.16 15.38
0.72 0.88 0.78 0.75 0.88 0.79 0.99 0.99 0.99 40.76 6.94 12.46
0.65 0.86 0.76 0.75 0.89 0.84 0.99 0.99 0.99 55.04 9.21 13.28
0.69 0.86 0.74 0.70 087 0.75 0.99 0.99 0.99 52.88 12.07 18.02
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Prediction Performance Comparison (AUROC)

Fine- Context- Best conventional Best end-to-end deep learning Best deep-feature-based Best hybrid
tuning info radiomics model radiomics model

Before No 0.792 + 0.025 0.801 [0.777,0.824] 0.753 [0.743,0.775] 0.817 + 0.032
After No 0911 £0.016 = 0.906 [0.890,0.921] 0.914 + 0.015
Before Yes 0.777 £ 0.017 0.806 [0.788,0.827] 0.761 [0.736,0.779] 0.780 + 0.022
After Yes 0.916 + 0.011 0.824 [0.798,0.837] 0.927 [0.912,0.940] 0.929 + 0.013

Note that the “best end-to-end deep learning model” column presents the performance of two single pathway models trained with target and context nodule images separately and one
dual pathway model trained with both target and context images simultaneously. Lower and upper limits of confidence interval at 95% level are indicated in square brackets.
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Dice Sensitivity Specificity Hausdorff95
ET wWT TC ET WT TC ET WT TC ET WT TC
BraTS2019 0.70 0.87 0.74 0.73 0.87 0.70 0.99 0.99 0.99 57 74 9.8
BraTS2020 0.73 0.88 0.79 0.77 0.89 0.82 0.99 0.99 0.99 36.9 6.5 10.0
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Feature Type Deep Features Prediction Performance (AUROC)

End-to-end training Feature augmentation
Target nodule 0.801 [0.777,0.824] 0.906 [0.890,0.921]
Context nodule 0.806 [0.788,0.827] 0.927 [0.912,0.940]
Combined 0.824 [0.798,0.837] 0.936 [0.921,0.950]

The combined model refers to a dual-pathway network that was fed by context and target nodule images simuitaneously. Lower and upper limits of confidence interval at 95% level are
indicated in square brackets.
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Feature
Category

First
Order
Statistic
Shape

GLCM

GLRLM

GLSZM

GLDM

NGTDM

Name of the features

Energy, Total Energy, Entropy, Minimum, 10th percentile, 90th percentile, Maximum, Mean, Median, Interquartile Range, Range, Mean Absolute Deviation,
Robust Mean Absolute Deviation, Root Mean Squared, Standard Deviation, Skewness, Kurtosis, Variance, Uniformity.

Mesh Volume, Voxel Volume, Surface Area, Surface Area to Volume ratio, Sphericity, Compactness 1, Compactness 2, Spherical Disproportion, Maximum
3D diameter, Maximum 2D diameter (Slice), Maximum 2D diameter (Column), Maximum 2D diameter (Row), Major Axis Length, Minor Axis Length, Least
Axis Length, Elongation, Flatness.

Autocorrelation, Joint Average, Cluster Prominence, Cluster Shade, Cluster Tendency, Contrast, Correlation, Difference Average, Difference Entropy,
Difference Variance, Joint Energy, Joint Entropy, Informational Measure of Correlation, Informational Measure of Correlation, Inverse Difference Moment,
Maximal Correlation Coefficient, Inverse Difference Moment Normalized, Inverse Difference, Inverse Difference Normalized, Inverse Variance, Maximum
Probability, Sum Average, Sum Entropy, Sum of Squares.

Short Run Emphasis, Long Run Emphasis, Gray Level Non Uniformity, Gray Level Non-Uniformity Normalized, Run Length Non-Uniformity, Run Length Non-
Uniformity Normalized, Run Percentage, Gray Level Variance, Run Variance, Run Entropy, Low Gray Level Run Emphasis, High Gray Level Run Emphasis,
Short Run Low Gray Level Emphasis, Short Run High Gray Level Emphasis, Long Run Low Gray Level Emphasis, Long Run High Gray Level Emphasis.
Small Area Emphasis, Large Area Emphasis, Gray Level Non Uniformity, Gray Level Non-Uniformity Normalized, Size Zone Non-Uniformity, Size-Zone Non-
Uniformity Normalized, Zone Percentage, Gray Level Variance, Zone Variance, Zone Entropy, Low Gray Level Zone Emphasis, High Gray Level Zone
Emphasis, Small Area Low Gray Level Emphasis, Small Area High Gray Level Emphasis, Large Area Low Gray Level Emphasis, Large Area High Gray Level
Emphasis.

Small Dependence Emphasis, Large Dependence Emphasis, Gray Level Non-Uniformity, Gray Level Non-Uniformity Normalized, Dependence Non-
Uniformity, Dependence Non-Uniformity Normalized, Gray Level Variance, Dependence Variance, Dependence Entropy, Dependence Percentage, Low Gray
Level Emphasis, High Gray Level Emphasis, Small Dependence Low Gray Level Emphasis, Small Dependence High Gray Level Emphasis, Large
Dependence Low Gray Level Emphasis, Large Dependence High Gray Level Emphasis.

Coarseness, Contrast, Busyness, Complexity, Strength.
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Learning Algorithm

Adab
DT
RF
KNN
SVM
LDA
QDA
Naive

None

0.908 + 0.014
0.739 + 0.032
0.897 + 0.016
0.872 + 0.014
0.756 + 0.023
0.711 £ 0.027
0.862 + 0.014
0.783 + 0.023

CsT

0.883 + 0.021
0.699 + 0.018
0.858 + 0.032
0.844 + 0.014
0.711 £ 0.019
0.726 + 0.012
0.711 £ 0.015
0.702 + 0.020

Combined Radiomic Prediction Performance (AUROC)

Corr

0.883 + 0.016
0.728 £ 0.011
0.877 £ 0.019
0.804 + 0.013
0.709 + 0.035
0.802 + 0.023
0.827 + 0.028
0741 £0.019

For each feature selection algorithm, the highest value is marked in bold.

Feature Selection

LASSO

0.888 + 0.014
0.720 £ 0.014
0.865 + 0.028
0.860 + 0.007
0.722 £ 0.022
0.759 £ 0.011
0.766 + 0.020
0.731 + 0.024

RELIEF

0.570 + 0.043
0.568 + 0.030
0.620 + 0.045
0.650 + 0.018
0.625 + 0.038
0.730 + 0.019
0.736 + 0.017
0.628 + 0.020

Mmi

0.676 + 0.005
0.594 + 0.020
0.621 £ 0.021
0.604 + 0.029
0.574 £ 0.574
0.647 + 0.032
0.903 + 0.007
0.544 £0.013

PCA

0.876 + 0.014
0.702 + 0.016
0.880 + 0.011
0.848 + 0.012
0.724 + 0.022
0.768 + 0.012
0.744 +0.010
0.736 + 0.021

FFsS

0.921 + 0.010
0.772 + 0.013
0.910 + 0.008
0.816 + 0.028
0.818 + 0.022
0.827 + 0.020
0.887 + 0.015
0.825 + 0.021
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Learning Algorithm

Context Radiomic Prediction Performance (AUROC)

Feature Selection

None CsT Corr LASSO RELIEF mi PCA FFS
Adab 0.895 + 0.007 0.867 +0.022 0.866 +0.020 0.871+0.009 0580 +0.017 0643 +0.078 0.852+0.009 0.916 + 0.011
DT 0718 £0.011  0.697 £0.025 0.695+0.015 0.702+0.082 0571 +0.021 0.550+0.039 0.697 +0.031  0.744 + 0.027
RF 0.881 £0.008 0.843 £0.024 0.855+0009 0.864+0.011 0645+0.025 0613+0.044 0.845+0.007 0.901 +0.014
KNN 0.852 £ 0.007 0.824 +0.019 0.811+0.010 0.843+0.021 0.625+0.015 0.590+0.023 0.827 £0.019  0.779 + 0.029
SVM 0777 £0.012  0.757 +0.010 0.689 +0.010 0.716+0.008 0.685+0.012 0571 +0.020 0.715+0.009  0.817 + 0.023
LDA 0.682+0.040 0.727 £0.018 0.774+0.014 0758+ 0.017 0.743+0.017 0.746+0.022 0.751 £0.016  0.842 + 0.027
QDA 0.841 £0.013 0706 +£0.033 0777 £0.032 0.751+0.025 0.770 + 0.012  0.863 + 0.067 0.739 + 0.024  0.872 + 0.010
Naive 0.767 £ 0.014  0.690 £ 0.006  0.757 £ 0.029  0.745+0.009 0.682 +0.010  0.609 + 0.038  0.728 + 0.020  0.820 + 0.013

For each feature selection algorithm, the highest value is marked in bold.
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Learning Algorithm

Adab
DT
RF
KNN
SVM
LDA
QDA
Naive

Target Radiomic Prediction Performance (AUROC)

Feature Selection

None

0.889 + 0.016
0.723 £ 0.011
0.871 + 0.008
0.850 + 0.016
0.777 £ 0.011
0.655 + 0.045
0.778 £ 0.172
0.763 + 0.006

CsT

0.863 + 0.021
0.733 £ 0.027
0.849 + 0.025
0.846 £ 0.016
0.774 £ 0.029
0.680 + 0.032
0.696 + 0.181
0.759 + 0.023

Corr

0.881 + 0.031
0.703 + 0.019
0.846 + 0.028
0.807 + 0.086
0.752 + 0.025
0.785 + 0.017
0.747 £ 0.016
0.742 + 0.030

LASSO

0.864 + 0.026
0.711 £ 0.028
0.856 + 0.023
0.833 £ 0.017
0.775 £ 0.027

0.75 £ 0.027
0.738 + 0.024
0.731 £ 0.022

RELIEF

0.671+0.019
0.642 +0.013
0.765 + 0.018
0.785 + 0.021
0.751 + 0.020
0.741 + 0.031
0.753 + 0.031
0.756 + 0.034

Mmi

0.531 £ 0.037
0.523 + 0.024
0.517 £ 0.031
0.671 + 0.089
0.522 + 0.040
0.735 £0.018
0.840 + 0.020
0.583 + 0.046

PCA

0.868 + 0.015
0.712 £ 0.026
0.862 + 0.026
0.846 + 0.017
0.775 + 0.028
0.771 £ 0.028
0.752 + 0.026
0.739 + 0.024

FFS

0.911 +£ 0.016
0.730 + 0.082
0.891 + 0.011
0.870 + 0.023
0.802 + 0.008
0.796 + 0.011
0.865 + 0.006
0.808 + 0.010

For each feature selection algorithm, the highest value is marked in bold.
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Retrospective lung cancer cases confirmed by biopsy or surgery
pathology from January 2014 to December 2018 (n=2286)

Exclusion criteria:

1) Without enhanced CT examination or Ki-67 immunohistochemistry
(n=1280)

2) With poor image quality or image layer thickness = Smm (n=130)

3) Incomplete clinical data (n=355)

4) Prior neoadjuvant treatment before surgery (n=91)

5) Lesions less than 1 cm (n=104)

6) With other malignant tumors in the same period (n=64)

Cases met the inclusion criteria (n=282)
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Features Cutoff

Median PFS (months) for patients above the cutoff Median PFS (months) for patients below/equal to the cutoff p-value

Kurtosis (SSF = 2) 1.1
Kurtosis (SSF = 3) 1.20
Perc-ENTRO (SSF=4) 5.0
Perc-ENTRO (SSF=6) 5.0

37.8
26
18.7
187

101
18.2
10.5
10.5

0.008
0.04
0.01

0.0005
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Covariate HR Cl p-value
a. Kurtosis (SSF = 2) 0.53 0.29-0.95 0.03
LDH 0.27 0.06-1.26 0.09
No. of metastatic sites 2.59 0.75-8.9 0.13
b. Kurtosis (SSF = 3) 0.49 0.25-0.96 0.03
LDH 0.30 0.06-1.4 0.12
No. of metastatic sites 2.62 0.76-8.99 0.13
c. Perc-ENTRO (SSF = 4) 1.07 1.01-1.13 0.009
No. of met sites 3.98 1.14-13.6 0.03
Perc-LDH 0.28 0.07-1.1 0.07
d. Perc-ENTRO (SSF = 6) 1.07 1.02-1.13 0.005
No. of met sites 4.10 1.19-14.1 0.02
Perc-LDH 0.27 0.07-1.1 0.06

HR. hazard ratio; Cl. confidence interval.
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Model AUC (95%ClI) Best threshold Sensitivity Specificity Accuracy

Rad-score (3 mm) 0.634 (0.499-0.768) 2162 0.707 0.609 0.687
Rad-score (1 mm) 0.704 (0.562-0.845) 10.920 0.852 0.609 0.779
CT radiomics model (3 mm) 0.794 (0.704-0.884) 0.903 0.794 0.739 0.783
CT radiomics model (1 mm) 0.908 (0.842-0.975) 1.242 0.815 0.956 0.857
PET + CT radiomics model 0.940 (0.889-0.990) 1.931 0.815 1.000 0.870
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Features Cutoff Median OS (months) for patients above the cutoff Median OS (months) for patients below/equal to the cutoff p-value

Kurtosis (SSF = 2) 1.1 46.6 29.8 0.01
Kurtosis (SSF = 3) 1.20 405 30.3 0.02
Perc-ENTRO (SSF = 4) 5 357 23.3 0.008

Perc-ENTRO (SSF = 6) 5 35.7 233 0.0005
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Features Benign (n = 23) Adenocarcinoma (n = 92) P-value

Type 0.625
PGGN 7 (30.4%) 33 (35.9%)

mGGN 16 (69.6%) 59 (64.1%)

Location 1.000
Peripheral 22 (95.7%) 88 (95.7%)

Central 1 (4.3%) 4 (4.3%)

Shape 0.922
Round/oval 15 (65.2%) 59 (64.1%)

Iregular 8 (34.8%) 33 (35.9%)

Margin 0.111
Smooth 16 (69.6%) 47 (51.1%)

Lobulated 7 (30.4%) 45 (48.9%)

Abnormal bronchus sign 0.080
No 10 (43.5%) 23 (25.0%)

Yes 13 (56.5%) 69 (75.0%)

Vacuole sign 0.904
No 19 (82.6%) 75 (81.5%)

Yes 4(17.4%) 17 (18.5%)

Pleural indentation <0.001
No 19 (82.6%) 40 (43.5%)

Yes 4(17.4%) 52 (56.5%)

Vascular convergence 0.559
No 2(8.7%) 5 (5.4%)

Yes 21(91.3%) 87 (94.6%)

SUVmax 2.9(1.4-6.9) 1.8 (1.1-3.0) 0.024

Results in the table: Median (Q1-Q3)/N (%).
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Covariate

a. Kurtosis (SSF = 2)
LDH
No. of metastatic sites
b. Kurtosis (SSF = 3)
LDH
No. of metastatic sites
c. Perc-ENTRO (SSF = 4)
No. of met sites
Perc-LDH
d. Perc-ENTRO (SSF = 6)
No. of met sites
Perc-LDH

HR. hazard ratio;: Cl. confidence interval.

HR

0.56
0.29
3.02
0.54
0.33
317
1.06
4.02
02

1.06
4.25
02

95% CI

0.32-0.96
0.07-1.12
0.84-10.9
0.29-0.99
0.08-1.21
0.87-11.5
1.01-1.11
1.14-14.9
0.06-0.7

1.01-1.11
1.14-15.8
0.06-0.7

p-value

0.03
0.09
0.07
0.04
0.10
0.07
0.05
0.04
0.02
0.01
0.03
0.01
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Before matching

After matching

Benign (n = 23) Adenocarcinoma (n = 167) P-value Benign (n = 23) Adenocarcinoma (n = 92) P-value

Age (years) 556.8+10.5 60.8 + 8.7 0.013 55.8+10.5 57.4+£89 0.477
Sex 0.002 0.428
Female 9 (39.1%) 120 (71.9%) 9(39.1%) 47 (51.1)

Male 14 (60.9%) 47 (28.1%) 14 (60.9%) 45 (48.9)

History of smoking 0.039 0.800
No 15 (65.2%) 139 (83.2%) 15 (65.2%) 65 (70.7)

Yes 8 (34.8%) 28 (16.8%) 8(34.8%) 27 (29.3)

Fasting blood glucose (mmol/L) 68«19 67 +£17 0.960 68+19 6.65 + 1.69 0.772
GGN number grouping 0.448 1.000
Solitary 15 (65.2%) 95 (56.9%) 15 (65.2%) 58 (63)

Muttifocal 8 (34.8%) 72 (43.1%) 8(34.8%) 34 (37)

Results in the table: Mean + SD/N (%).
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Variable Total Progression disease Stable disease Partial response
No. of patients 32 14 10 8

Age (years) 70 (29, 84) 67,5 (45, 82) 58 (29-79) 74 (54-84)
Sex (F, M) 9F23M 6F,8M 3F,7M 8M

No. of metastatic sites >(5), < (27) >(3), < (11) 2(2,<(8) >(0),<(8)

>3 (N), <3 (N))

LDH pre therapy (UI/L) 389 (238, 827) 450 (313, 827) 331.9 (305-564) 367.5 (238-602)
LDH post therapy (UI/L) 419 (154, 803) 503 (202, 803) 390 (216-552) 287.5 (154-475)
LDH percentage ~3.73 (-50.16, 33.96) 9.28 (-49.6, 23.32) -5.42 (-34.7-33.9) ~19.1 (-50.2-10.5)
Variation (%)

ECOG 10,2 11,2 10,2 0(0, 1)
Hepatic lesions Yes (9), No (23) Yes (3), No (11) Yes (3), No (7) Yes (3), No (5)
Lung lesions Yes (14), No (18) Yes (9), No (5) Yes (4), No (6) Yes (5), No (13)
Mean target lesions size (mm) 30.4 (10, 140) 45.3 (10, 140) 38.7 (10, 88) 28.5 (10-40.3)
OS median/range (months) 31.6/2.73-66.8 20.6/2.73-48.6 38.6/3.5-56.6 54.6/29.3-66.8
PFS median/range (months) 16.1/2.5-62.7 5.3/2.6-24.3 23/2.5-50 46.1/13.2-52.6
Death Yes (17), No (15) Yes (12), No (2) Yes (2), No (8) Yes (3), No (5)
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GGNs from pathological records (n=242)
Poor quality image (n=1)

With PET/CT and breath-hold CT scans (n=241)
Received anti-tumor therapy (n=9)

Patients without tumor treatment history (n=232)
GGNs >3cm or stage IB or higher (n=37)

GGNs < 3cm (n=195)

Fasting blood glucose >11.1mmol/L or patients
with severely impaired liver function (n=5)

GGNs for PSM (n=190)

Benign GGNs (n=23) Malignant GGNs (n=92)
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DRIVE (trained on STARE)

STARE (trained on DRIVE)
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Marin et al
Fraz et al.
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Ours
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Fusion Se Sp F1 Acc

1st 0.8191 0.9831 0.8201 0.9685
2nd 0.8158 0.9820 0.8138 0.9673
3rd 0.8201 0.9821 0.8158 0.9677
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Training cohort
(Shanghai Zhongshan Hospital)

Eligible patients with HCC Eligible patients with
(n=1925) AML (n=104)

Exclusion criteria: Exclusion criteria:

¢ with morphologic liver Lesions with macroscopic fat
cirrhosis (n=43)
With intrahepatic vascular treated before MRI (n=12)
invasion or extrahepatic Insufficient image quality or
metastases improper timing of dynamic
Multiple HCCs enhancement sequence (n=8)
Hypo-vascular on AP or
with obvious hemorrhage,
necrosis or macroscopic fat
Treated before MRI
Insufficient image quality or
improper timing of dynamic
enhancement sequence

Randomly
selected
HCC (n=82)

fp-AML (n=41)
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External validation cohort 1
( Sun Yat-sen University Cancer Center)

Eligible patients with HCC Eligible patients with
(n=587) AML (n=32)

Exclusion criteria: Exclusion criteria:

¢ with morphologic liver Lesions with macroscopic fat
cirrhosis (n=15)
With intrahepatic vascular treated before MRI (n=3)
invasion or extrahepatic Insufficient image quality or
metastases improper timing of dynamic
Multiple HCCs enhancement sequence (n=3)
Hypo-vascular on AP or
with obvious hemorrhage,
necrosis or macroscopic fat
Treated before MRI
Insufficient image quality or
improper timing of dynamic
enhancement sequence

Randomly
selected
HCC (n=22)

fp-AML (n=11)
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External validation cohort 2
(Guangdong Provincial People's Hospital)

Eligible patients with HCC Eligible patients with
(n=431) AML (n=12)

Exclusion criteria: Exclusion criteria:

e with morphologic liver Lesions with macroscopic fat
cirrhosis (n=3)
With intrahepatic vascular treated before MRI (n=1)
invasion or extrahepatic Insufficient image quality or
metastases improper timing of dynamic
Multiple HCCs enhancement sequence (n=3)
Hypo-vascular on AP or
with obvious hemorrhage.
necrosis or macroscopic fat
Treated before MRI
Insufficient image quality or
improper timing of dynamic
enhancement sequence

Randomly
selected
HCC (n=6)

fp-AML (n=3)
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ACR
Senior

ACR-Rad_20%

ACR-Rad_30%

ACR-Rad_40%

ACR-Rad_50%

ACR-Rad_max

Sensitivity
Specificity
Accuracy

PPV

NPV

Unnecessary FNA
rate

Sensitivity
Specificity
Accuracy

PPV

NPV

Unnecessary FNA
rate

88.44% (84.22%~—
91.86%)
57.96% (49.83%—
65.78%)
77.83% (73.71%—
81.58%)
79.75% (76.54%-
82.63%)
72.80% (65.51%—
79.04%)
20.25% (16.02%—
25.02%)
Junior
90.88% (87.01%—
93.90%)
38.85% (31.19%—
46.95%)
72.85% (68.50%—
76.89%)
78.70% (71.11%-
76.14%)
69.32% (60.00%—
77.29%)
26.45% (21.98%—
31.30%)

96.94% (94.27%~
98.59%)*
51.59% (43.49%~
59.63%)
81.15% (77.23%-
84.66%)
78.95% (76.11%-
81.53%)
90.00% (82.29%—
94.57%)*
21.05% (16.96%—
25.63%)

97.62% (95.16%-
99.04%)"
46.50% (38.51%-—
54.62%)
79.82% (75.82%~
83.43%)"
77.36% (74.68%-
79.83%)
91.25% (83.11%-
95.67%)"
22.64% (18.48%-
27.24%)

94.90% (91.72%~
97.12%)°
59.24% (51.12%—
67.00%)
82.48% (78.65%—
85.88%)
81.34% (78.28%-
84.06%)
86.11% (78.83%—
91.17%)"
18.66% (14.68%-
23.19%)

95.92% (92.98%-
97.87%)
52.87% (44.75%—
60.87%)
79.21% (76.32%-
81.83%)°
87.37% (79.58%-
92.47%)
80.93% (77.00%-
84.45%)°
20.79% (16.69%-
25.38%)

89.12% (84.98%-
92.44%)
66.24% (58.27%-
73.59%)
81.15% (77.23%-
84.66%)
83.17% (79.82%-
86.07%)
76.47% (69.70%-—
82.12%)
16.83% (12.86%-
21.42%)

92.86% (89.29%-
95.52%)
57.96% (49.83%-—
65.78%)°
80.71% (76.76%-
84.25%)°
80.53% (77.44%-—
83.29%)
81.25% (73.76%-
86.98%)
19.47% (15.39%-
24.09%)°

85.08% (80.43%-
83.91%)
71.97% (64.26%-
78.84%)
80.49% (76.52%-
84.05%)
85.08% (81.49%-
88.00%)
71.97% (65.79%-
77.43%)
14.97% (11.09%-
19.57%)

87.07% (82.69%-
90.69%)
64.33% (566.30%-
71.81%)
79.16% (75.11%-
82.82%)°"
82.05% (78.67%-
85.00%)°"
72.66% (65.90%-
78.52%)
17.95% (13.85%-
22.67%)°

79.93% (74.89%-
84.36%)°
80.25% (73.16%-
86.17%)°
80.04% (76.06%-
83.64%)
88.35% (84.62%-
91.26%)°
68.11% (62.66%-
73.10%)
11.66% (8.06%-
16.13%)

80.27% (75.26%-
84.67%)°
74.52% (66.96%-
81.13%)°
78.27% (74.17%-
81.99%)
85.51% (81.78%-
88.58%)°
66.86% (61.15%-
72.11%)
14.49% (10.56%~
19.21%)°

°A statistically significant difference.
FNA, fine-needle aspiration; NPV, negative predictive value; PPV, positive predictive value.
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AUC (95% ClI) Categorical NRI Continuous NRI IDI (95% CI)

(95% Cl) (95% CI)
ACR-Rad nomogram vs. ACR-Score  For the senior 0.870 (0.834-0.907) vs. 0.814 0.181 (0.089-0.273) 0.688 (0.505-0.871) 0.121 (0.086-
model radiologist 0.771-0.857) 0.155)
p value <0.001 <0.001 <0.001 <0.001
For the junior 0.851 (0.813-0.889) vs. 0.786 0252 (0.157-0.348)  0.721 (0.539-0.903)  0.138 (0.100-
radiologist (0.741-0.830) 0.175)
p value <0.001 <0.001 <0.001 <0.001

ACR, American College of Radiology; AUC, area under the receiver operating characteristic curve; IDI, index integrated discrimination improvement; NRI, net reclassification improvement.
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Multivariate analysis Discrimination Calibration ~ Goodness of fit

Odds ratio p value AUC (95% CI)? p value Hosmer- AIC BIC
(95% CI) Lemeshow
p value?
ACR-Rad nomogram ACR-Score® 1.644 (1.423-1.928) <0.001 T:0.877 (0.836-0.919)V: 0.864 (0.799-0.931) T:0.640/V: 0.736 257.52 268.78
Rad-Score  2.269 (1.709-3.133) <0.001
ACR-Score model 1.827 (1.603-2.114) <0.001 T: 0.833 (0.785-0.880)/V: 0.802 (0.719-0.886) 0.001/0.031 T: 0.415/V: 0.824 299.43 306.93

ACR, American College of Radiology; AIC, Akaike information criterion; AUC, area under the receiver operating characteristic curve; BIC, Bayesian information criterion; LR, likelihood ratio.
2T, training cohort; V, validation cohort.
bThe average of ACR-Score 1 and ACR-Score 2 was applied.
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Characteristic

Sex
Male
Female
Age, years
Diameter, mm
Tumor location
Subcapsular thyroid
Intra-thyroidal
Hashimoto thyroiditis
Positive
Negative
Nodular goiter
Positive
Negative
ACR-Score 1% ©
Composition
Cystic or spongiform
Cystic and solid
Solid
Echogenicity
Anechoic
Hyper- or Isoechoic
Hypoechoic
Very hypoechoic
Shape
Taller-than-wide
Not taller-than-wide
Margin
Smooth or ill defined
Irregular or lobulated
Extrathyroidal extension
Echogenic foci®
No echogenic foci or Large comet tail
Macrocalcifications
Peripheral
Punctate
ACR TI-RADS risk level
TR1
TR2
TR3
TR4
TRS
ACR-Score 2°
Rad-score

Training cohort

Validation cohort

Benign (n = 117)

25 (21.4)
92 (78.6)

47 (38-55)
17.0 (14.0-32.0)

83 (70.9)
34 (29.1)

39 (33.3)
78 (66.7)

54 (46.2)
63 (53.8)
4(3-7)

14 (12.0)
32 (27.4)
71 (60.7)

14 (12.0)
51 (43.6)
35 (29.9)
17 (14.5)

8 (15.4)
99 (84.6)

87 (74.4)
29 (24.8)
1(0.9)

14 (12.0)
14 (12.0)
24 (20.5)
32 (27.4)
33 (28.2)
5(4-8)

-0.005 (-1.956-0.910)

Malignant (n = 198)

43 (21.7)
1565 (78.3)
42.5 (30-50)
15.0 (12.0-17.0)

138 (69.7)
60 (30.3)

74 (37.4)
124 (62.6)

58 (29.3)
140 (70.7)
9(7-9)

0(0)
9 (4.5
189 (95.5)

00

4(7.1)
154 (77.8)
30 (15.2)

74 (37.4)
124 (62.6)

42 (20.1)
164 (78.5)
3(14)

87 (43.5)
11 (5.5)
3(1.5)

158 (79.8)
9(7-10)
1.265 (0.738-1.900)

p value

0.942

0.001
<0.001
0.816

0.470

0.003

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001
<0.001

-0.320 (-2.182-0.685)

Benign (n = 40) Malignant (n = 96)
6 (24.0) 19 (30.6)
34 (76.0) 77 (69.4)
51.5 (43.5-60) 42.5 (33.5-49)
19.5 (14.0-34.0) 15.0 (13.0-17.0)
26 (65.0) 72(75.0)
4(35.0) 24(25.0)
12 (30.0) 37 (38.5)
28 (70.0) 59 (61.5)
18 (45.0) 24 (25.0)
22 (55.0) 72 (75.0)
5(2-6) 8(6-10)
7(17.5) 0(0)
10 (25.0) 3(3.1)
23 (57.5) 93 (96.9)
7(17.5) 0(0)
14 (35.0) 4(4.2)
17 (42.5) 70 (72.9)
2(5.0) 22 (22.9)
6(15.0) 34 (35.4)
34 (85.0) 62 (64.6)
29 (72.5) 16(16.7)
1(27.5) 77 (80.2)
0(0) 3(3.1)
25 (59.5) 46 (47.4)
8(19.0) 9(9.3
2 (4.8 2(21)
7(16.7) 40(41.2)
7(17.5) 0(0)
4(10.0) 1(1.0)
5(12.5) 0(0)
13 (32.5) 21(21.9)
1(27.5) 74.(77.1)
6 (2-9) 8(7-10)

1.177 (0.355-1.845)

Qualitative data were expressed as mean + standard deviation or number and percentages (%); quantitative data were expressed as median (25%-75% quantiles).
ACR, American College of Radiology; TI-RADS, Thyroid Imaging Reporting and Data System.
? Nodules could have more than one type of echogenic foci.

®B-model ultrasound findings based on the senior interpretation.
CACR-Score 1 was referred for the senior radiologist, ACR-Score 2 for the junior radiologist.

p value

0.511

<0.001
<0.001
0.236

0.344

0.021

<0.001

<0.001

<0.001

0.017

<0.001

0.028

<0.001

<0.001
<0.001
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Entire population (n = 451) Training cohort (n = 315) Validation cohort (n = 136)

Sex
Male 93 (20.6) 68 (21.6) 25 (18.4)
Female 358 (79.4) 247 (78.4) 111 (81.6)
Age, years 45 (34-53) 45 (32-53) 45 (37-53)
Diameter, mm 15.0 (13.0-19.5) 15.0 (13.0-19.5) 15.9 (13.0-19.5)
Nodule pathology
Benign 157 (34.8) 117 (37.1) 40 (29.4)
Malignant 294 (65.2) 198 (62.9) 96 (70.6)
Tumor location
Subcapsular thyroid 319 (70.7) 221(70.2) 98 (72.1)
Intra-thyroidal 132 (29.3) 94 (29.8) 38 (27.9)
Hashimoto thyroiditis
Positive 162 (35.9) 113(35.9) 49 (36.0)
Negative 289 (64.1) 202 (64.1) 87 (64.0)
Nodular goiter
Positive 154 (34.1) 112 (35.6) 42 (30.9)
Negative 297 (65.9) 203 (64.4) 94 (69.1)
ACR-Score 15¢ 7 (5-9) 8(5-9) 7(5-9)
Composition
Cystic or spongiform 21(4.7) 14 (4.4) 7 (6.1)
Cystic and solid 54 (12.0) 41 (13.0) 13 (9.6)
Solid 376 (83.4) 260 (82.5) 116 (85.3)
Echogenicity
Anechoic 21(4.7) 14 (4.4) 7(6.1)
Hyper- or isoechoic 82 (18.2) 65 (20.6) 18(13.2)
Hypoechoic 277 (61.4) 189 (60.0) 87 (64.0)
Very hypoechoic 71(16.7) 47 (14.9) 24 (17.6)
Shape
Taller-than-wide 132 (29.3) 92(29.2) 40 (29.4)
Not taller-than-wide 319 (70.7) 223(70.8) 96 (70.6)
Margin
Smooth or ill defined 163 (36.1) 118 (37.5) 45 (33.1)
Irregular or lobulated 281 (62.3) 193 (61.3) 88 (64.7)
Extrathyroidal extension 7(1.6) 4(1.3) 3(2.2)
Echogenic foci?
No echogenic foci or large comet tail 233 (51.7) 162 (51.6) 71 (51.4)
Macrocalcifications 46 (10.2) 2909.2) 17 (12.3)
Peripheral 8(1.8) 5(1.6) 3(2.2)
Punctate 165 (36.6) 118 (37.6) 47 (34.1)
ACR TI-RADS risk level
TR1 21 (4.7) 14 (4.4) 7(6.1)
TR2 19 (4.2) 15 (4.8) 5(3.7)
TR3 31 (6.9) 26 (8.3 5(3.7)
TR4 103 (22.8) 69 (21.9) 34 (25.0)
TRS 277 (61.4) 191 (60.6) 85 (62.5)
ACR-Score 2° 8(6-9) 8(6-9) 8(6-9)
Rad-Score 0.910 (-0.100-1.550) 0.932 (-0.038-1.694) 0.899 (-0.114-1.473)

Qualitative data were expressed as mean + standard deviation or number and percentages (%); quantitative data were expressed as median (25%-75% quantiles).
ACR, American College of Radiology; TI-RADS, Thyroid Imaging Reporting and Data System.

Nodules could have more than one type of echogenic foci.

®B-model ultrasound findings based on the senior interpretation.

SACR-Score 1 was referred for the senior radiologist, ACR-Score 2 for the junior radiologist.
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CTCRBEREY. B

No 84(67.20%  38(76.00%)

Yes 41(0280%)  12(24.00%)

1-year sunvival 121(0680%  49(98.00%)  1.000
3-year sunvival 107(8560%)  47(04.00% 0122
5-year sunival 98(840%)  44(8800% 0142
AFs

xt 16030 = 18167 134.74 £ 149.50 0377
x 545625419 506927186 0603
x 974221705 862121584 0668
xa 607223413 500322654 0750
X 0212009  022:000 0739
X6 504024128 662526652 0.412
AFs weighted sum 1412128 1442131 0900

NGP, Non-contrast phase; CMP, cortioo-meciuey phase: NP, nephrogeaphic phaso; €,
acrotony phese
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Paramoters

Age, years
Gender
Male
Femae
Symptoms
No
Yes
Iterval from diagnosis to treatment
>1year
<1 year
KPS score
score 280
score <80
Hemogiobin
212091
<1201
Serum calcium
<102mgidl
>102 mg/dl
Neutrophis
ST x 10
7% 10
Platdet
< Nomal level
> Normal level
Tumor size group.
<40
0-<70
70<100
2100
T stage
T
2
]
Nstage
No
Nt
Cinical stage
Stage -: Ti.oNoMo
Stage It TyoNiM, TaNo.sMy
WHO/SUP nudiear grade
Low
High
Grow pattem
Outside
Midde
Inside.
Necrosis
No
Yos
Calcfication
No
Yes
Surgery type
Partl nephrectomy
Radical nephrectomy
Aduvant therapy
No
Yes
PFS. month

523121451

84(6720%
41(3280%)

65(5200%)
60(48.00%)

115(92.00%)
10(800%)

115 (92.00%)
10(800%)

9 (7680%)
29(2320%)

117 93.60%)
8(6.40%

109 87.20%)
16/(1280%)

92 (7360%)
33(26.40%)

54(4320%

49(3920%)

15(1200%
7(560%)

o7 (17.60%)
16/(1280%)
12(960%)

115 (92.00%)
10(800%)

105 (84.00%)
20(16.00%)

91 (7280%)
34(27.20%

40(3200%
60(4800%)
25(2000%)

32 (25.60%)
93 (74.40%)

101 (80.80%)
24(1920%)

48(38.40%)
77(61.60%)

107 (85.60%)
18(14.40%
5583 + 2225

5206+ 13.19

3162.00%)
19(38.00%)

25(60.00%)
25(50.00%)

46 (92.00%)
4(8.00%)

50(100.00%)
0(000%)

41182.00%)
9(18.00%)

47 (94.00%)
3(6.00%)

46 (92.00%)
4800%)

4182.00%)
9(18.00%)

18(36.00%)
22(44.00%)
8(16.00%)
2/4.00%

38(76.00%)
9(18.00%)
3(600%)

47(94.00%)
3(6.00%)

45(90.00%)
5(1000%)

3162.00%)
19(38.00%)

2040.00%)
17 (34.00%)
13(26.00%)

13(26.00%)
37 (74.00%)
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Method MSE MAE RMSE
CNN with 4 layers of convolution 136770.59 269.37 358.92
CNN with 6 layers of convolution 138065.90 269.83 363.64
CNN with 8 layers of convolution 144921.16 301.79 380.69

The bold values provided mean the best performed method.
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Variable

Clinical model
Radiomics signature

Radiomics nomogram

Train
Test
Train
Test
Train
Test

AUC

0.77
0.72
0.88
0.86
0.91
0.87

(95% CI)

(0.69~0.85)
(0.62~0.83)
(0.82~0.93)
(0.78~0.94)
(0.85-0.98)
(0.80~0.95)

Accuracy

0.69
0.66
0.81
0.80
0.83
0.83

Sensitivity

0.59
0.54
0.79
0.75
0.79
0.75

Specificity

0.82
0.80
0.84
0.88
0.85
0.90
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Team

BraTS 2019 Proposed
Kim S. et al. (30)
Amian M. et al. (31)
Kofler F. et al. (38)
Islam M. et al. (39)
BraTS 2020 Proposed
Soltaninejad M. et al. (40)
Agravat RR. et al. (41)
Patel J. et al. (42)
Ali M.J. et al. (43)

The bold values provided mean the best performed method.

MSE

96470.98

121778.60
104253.00
101877.80
127478.65
100053.08
109564.00
116083.48
162467.00
105079.40
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Variable

(Intercept)
Smoking
NSE
rad_score

OR (95% ClI)

0.48 (0.17-1.30)
278 (1.17-6.90)
1.02 (0.99-1.06)
5.16 (3.09-9.50)

P-value

0.16
0.02
0.25
<0.01
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BraTS 2019

BraTS 2020

Proposed

Kim S. et al. (30)

Amian M. et al. (31)
ShiW. et al. (32)
Agravat R.R. et al. (33)
Proposed

Tarasiewicz T. et al. (34)
Mchugh H. et al. (35)
Zhao C. et al. (36)
Savadikar C. et al. (37)

Dice Hausdorff95

ET WT TC ET WT TC
0.70 087 0.74 5.7 7.4 9.8
0.67 0.87 0.76 8.8 14.2 1.7
071 0.86 0.77 6.9 85 11.6
0.69 087 0.77 5.9 21.2 122
0.60 0.70 0.63 1.7 14.3 171
0.73 0.88 0.79 36.9 6.5 10.0
0.70 0.89 0.75 40.1 4.6 10.7
0.71 0.88 0.79 40.6 6.7 10.2
0.67 0.86 0.62 47.3 126 50.1
0.69 0.82 0.72 36.9 41.5 26.3

The bold values provided mean the best performed method.
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Variable OR (95% Cl) P-value

Smoking 3.45 (1.78-6.89) <0.01
Serum 1.00 (1.00-1.00) 0.02
NSE 1.05 (1.02-1.09) <0.01
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Clinical feature low Ki group (n = 175) high Ki group (n =1 07) p value t value or x2 value

Age (years) 622 +88 61.8£9.1 0.74 0.33

Sex Male 93 (53.1%) 85 (79.4%) <0.01 19.78
Female 82 (46.9%) 22 (20.6%)

Smoking Yes 76 (43.4%) 76 (71.0%) <0.01 20.36
No 99 (56.6%) 31 (29.0%)

Tumor diameter (cm) 37+20 4624 <0.01 -3.46

Pathological type ACC 135 (77.1%) 23 (21.5%) <0.01 89.77
scc 29 (16.6%) 40 (37.4%)
NEC 11 (6.3%) 44 (41.1%)

Continuous variables were analyzed by t test, and categorical variables were analyzed by x2 test. *u value: the overall variance of the two groups of data was uneven, and the rank-sum test

was performed.
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AUC Accuracy Sensitivity Specificity
Internal validation cohort (n = 24)
Radiologist 1 0.656 (0.442-0.871) 0.667 (16/24) 0.625 (5/8) 0.688 (11/16)
Radiologist 2 0.594 (0.375-0.813)" 0.625 (15/24) 0.500 (4/8) 0.688 (11/16)
Model 0.789 (0.579-0.999) 0.708 (17/24) 0.625 (5/8) 0.750 (12/16)
External validation cohort (n = 42)
Radiologist 1 0.643 (0.486-0.799) 0.690 (29/42) 0.500 (7/14) 0.786 (22/28)
Radiologist 2 0.500 (0.351-0.649)* 0.571 (24/42) 0.286 (4/14)" 0.714 (20/28)
Model 0.730 (0.563-0.896) 0.619 (26/42) 0.786 (11/14) 0.536 (15/28)

The p-value was calculated by the De Long'’s test or McNemar chi-square test when appropriate.

P <0.05.
AUC, area under the receiver operating characteristic curve.
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Model Area under the receiver operating characteristic curve (95%Cl) Accuracy Sensitivity Specificity

Training cohort (n = 99) AP 0.863 (0.776-0.95) 0.798 (79/99) 0.848 (28/33) 0.773 (51/66)
VP 0.756 (0.659-0.853) 0.636 (63/99) 0.879 (29/33)  0.515 (34/66)
DP 0.752 (0.647-0.856) 0.657 (65/99) 0.909 (30/33)  0.53 (35/66)
Combined 0.866 (0.78-0.953) 0.828 (82/99) 0.758 (25/33) 0.864 (57/66)
Cross-validation (n = 99) AP 0.826 (0.729-0.923) 0.808 (80/99) 0.818 (27/33)  0.803 (53/66)
VP 0.708 (0.605-0.811) 0.677 (67/99) 0.818 (27/33) 0.606 (40/66)
DP 0.6 (0.484-0.715) 0.535 (53/99) 0.788 (26/33)  0.409 (27/66)
Combined 0.841 (0.747-0.936) 0.848 (84/99)  0.758 (25/33)  0.894 (59/66)
Internal validation cohort (0 =24) AP 0.711 (0.489-0.933) 0.625 (15/24)  0.875 (7/8) 0.5 (8/16)
VP 0.594* (0.339-0.848) 0.625 (15/24)  0.625 (5/8)  0.625 (10/16)
DP 0.547* (0.257-0.837) 0.375(9/24)  0.625(5/8)  0.25 (4/16)
Combined 0.789 (0.579-0.999) 0.708 (17/24)  0.625 (5/8) 0.75 (12/16)
External validation cohort (n = 42) AP 0.638 (0.466-0.809) 0.524 (22/42)  0.929 (13/14)  0.321 (9/28)
VP 0.61* (0.434-0.786) 0.595 (25/42)  0.714 (10/14)  0.536 (15/28)
DP 0.538" (0.355-0.722) 0.405 (17/42)  0.714 (10/14) 0.25 (7/28)
Combined 0.73 (0.563-0.896) 0.619 (26/42)  0.786 (11/14)  0.536 (15/28)

The p-value was calculated by the De Long’s test.
P < 0.05, *p <0.01.
AP, arterial phase; VP, venous phase; DP, delayed phase.
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Method F1-mean F1-SD

Normal U-net 0.8157 0.02345
Ours based on U-net 0.8247 0.01744
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Center Scanner Vendor Field strength (t) Patients TR/TE (ms) Matrix Flip angle
Center A (n = 123) Aera Siemens 1.5 18 3.51/1.39 260 x 352 10°
Avanto Siemens 15 21 5.04/2.31 200 x 288 10°
Ingenia Philips 3.0 3 4.30/1.65 528 x 528 10°
UHMR560 ul 1.5 36 4.4/2.2 320 x 512 10°
UHMR770 ul 3.0 31 3.28/1.45 324 x 480 10°
Verio Siemens 3.0 14 4.07/1.43 250 x 352 9°
Center B (n = 33) Achieva Philips 3.0 3 3.12/1.51 480 x 480 10°
Aera Siemens 15 4 4.63/2.16 460 x 640 10°
Discovery MR750 GE 3.0 4 4.05/1.64 512 x 512 15°
Signa HDxt GE 15 5 3.98/1.90 512 x 512 15°
Trio Siemens 3.0 10 4.15/1.86 250 x 320 9°
uMR780 ul 3.0 g 3.3/1.45 336 x 480 10°
Center C (0 =9) Ingenia Philips 3.0 5 4.01/1.94 384 x 384 10°
Achieva Philips 3.0 4 4.02/1.94 384 x 384 10°

FS, fat-suppressed: Ul, United Imaging;: GE, General Electric; TE, echo time; T1W, T1-weighted: TR, repetition time.
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Yan et al. (2019) 0.8170 08115 0.8127
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