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Purpose

The magnetic resonance imaging (MRI) findings may overlap due to the complex content of parotid gland tumors and the differentiation level of malignant tumor (MT); consequently, patients may undergo diagnostic lobectomy. This study assessed whether radiomics features could noninvasively stratify parotid gland tumors accurately based on apparent diffusion coefficient (ADC) maps.



Methods

This study examined diffusion-weighted imaging (DWI) obtained with echo planar imaging sequences. Eighty-eight benign tumors (BTs) [54 pleomorphic adenomas (PAs) and 34 Warthin tumors (WTs)] and 42 MTs of the parotid gland were enrolled. Each case was randomly divided into training and testing cohorts at a ratio of 7:3 and then was compared with each other, respectively. ADC maps were digitally transferred to ITK SNAP (www.itksnap.org). The region of interest (ROI) was manually drawn around the whole tumor margin on each slice of ADC maps. After feature extraction, the Synthetic Minority Oversampling TEchnique (SMOTE) was used to remove the unbalance of the training dataset. Then, we applied the normalization process to the feature matrix. To reduce the similarity of each feature pair, we calculated the Pearson correlation coefficient (PCC) value of each feature pair and eliminated one of them if the PCC value was larger than 0.95. Then, recursive feature elimination (RFE) was used to process feature selection. After that, we used linear discriminant analysis (LDA) as the classifier. Receiver operating characteristic (ROC) curve analysis was used to evaluate the diagnostic performance of the ADC.



Results

The LDA model based on 13, 8, 3, and 1 features can get the highest area under the ROC curve (AUC) in differentiating BT from MT, PA from WT, PA from MT, and WT from MT on the validation dataset, respectively. Accordingly, the AUC and the accuracy of the model on the testing set achieve 0.7637 and 73.17%, 0.925 and 92.31%, 0.8077 and 75.86%, and 0.5923 and 65.22%, respectively.



Conclusion

The ADC-based radiomics features may be used to assist clinicians for differential diagnosis of PA and WT from MTs.





Keywords: radiomics, diffusion-weighted image, apparent diffusion coefficient, parotid gland tumor, magnetic resonance imaging



Introduction

Salivary gland tumors constitute about 3%–6% of head and neck tumors (1), about 70% of them are located in the parotid gland (2). About 80%–85% of parotid gland tumors are benign tumors (BTs), most of them are pleomorphic adenoma (PA) (about 65% of parotid gland tumors), and Warthin tumor (WT) is the second most common BT (about 15%–20% of parotid tumors) (3). Malignant salivary gland tumors constitute about 15%–30% of parotid gland tumors. Mucoepidermoid carcinoma is the most common parotid gland malignant tumor (MT) (4, 5). About 1.8%–6.2% of PA transforms into MT or carcinoma ex PA, and the recurrence of PA is reported in 0%–3% of patients (6). In contrast, WT rarely undergoes malignant evolution and recurs (7). For the treatment of BT, superficial parotidectomy is preferred, whereas total parotidectomy combined with radiotherapy is preferred for the treatment of MT (2). Specifically, the treatment of PA requires excision by either partial or total parotidectomy, which results in a risk of facial nerve injury (8, 9), the results of the study by Mercante et al. show that total parotidectomy should be the treatment of choice in case of benign parotid gland tumors and in particular for PA (10), whereas the treatment of WT could potentially avoid excision as it can be monitored. Therefore, accurate preoperative diagnosis is essential for treatment.

Fine needle aspiration cytology (FNAC) is a reliable examination that can provide preoperative information about the treatment plan and postoperative procedures (11). As this technology is cheap, fast, safe, and relatively non-invasive, it is commonly used as a mature solution. However, it still suffered from considerable variability in the accuracy, high non-diagnostic rates, and poor sensitivity or specificity (12). When done blindly by clinicians with different levels of experience, poor technique or inaccurate or inadequate sampling can result in a high rate of non-representative or insufficient aspiration (13).

Imaging technology is used to determine the stage of the tumor based on the TNM classification and the suitability of the surgery, which is the main treatment for most parotid gland tumors. Currently, there are a variety of imaging techniques that can be used to study the parotid gland tumors, such as ultrasound, computed tomography (CT), and magnetic resonance imaging (MRI). Ultrasound is an inexpensive and effective tool for delineating cystic or solid tumors, tumor borders, and cervical lymph nodes; however, it has poor visualization of deep lobe and relies on the expertise of the operator (14). CT is not a preferred method for parotid gland tumor evaluation for parotid tumor assessment due to ionizing radiation. MRI plays a crucial role in preoperatively differentiating parotid gland tumors noninvasively (15). The morphological features of parotid gland tumors from conventional MRI can help to distinguish BT and MT (16). Diffusion-weighted imaging (DWI) determines the motion of water molecules qualitatively and translates it into a coefficient called the apparent diffusion coefficient (ADC) (17), which is used to evaluate quantitative water molecule movement through ADC value. DWI is becoming a popular diagnostic and research tool for differential diagnosis of parotid gland tumors. The ADC value of BT is higher than that of MT, and BT is successfully distinguished from MT (16–21). However, previous studies (22–24) reported that ADC value cannot be satisfactorily distinguished between BT and MT, and they did not combine the various ordered imaging features of the whole-tumor region of interest (ROI) with machine learning methods. Even in squamous cell carcinoma of the oral cavity and oropharynx, Bonello et al. did not observe any statistically significant correlation between ADC values and clinical–histological characteristics of SCCA of the oral cavity and oropharynx (25).

Radiomics is one of the most innovative fields of tumor imaging, which involves the use of computer-aided techniques to detect and quantify mathematical patterns in digital images. With the development of artificial intelligence and algorithms, the computer-aided quantitative image evaluation is increasingly applied to improving the accuracy of preoperative diagnosis of parotid gland tumors (26–29), whereas the ADC map–based radiomics in differentiating parotid gland tumors has been addressed in only a few studies and needs further validation (28, 29). The purpose of this study is to evaluate the performance of ADC map–based radiomics analysis with the whole-tumor ROI for differentiating parotid gland (BT vs. MT, PA vs. WT, PA vs. MT, and WT vs. MT).



Materials and Methods


Patients

This study was approved by the Ethics Committee of the First Affiliated Hospital of Zhengzhou University (2019-KY-0015-002). The Institutional Review Board waived the requirement of informed consent. All patients’ informed consents were waived for the retrospective nature of this study.

This study retrospectively evaluated the MRI examinations of 130 patients with parotid gland tumors from August 2019 to December 2020. Histopathology diagnosis was obtained in all cases by biopsy or surgical resection. The exclusion criteria were patients (a) with a maximum tumor diameter less than 5 mm, (b) with recurrent tumor, and (c) with poor imaging that was unsuitable for the ROI delineation. A total of 130 patients who underwent a pre-treatment MRI study included 83 men and 47 women, with an average age of 48.22 ± 17.71 years (range 1–85 years). Eighty-eight cases were BT, including 54 (41.54%) PA and 34 (26.15%) WT. The other 42 lesions were MT. The details of patient and tumor characteristics are shown in Table 1.


Table 1 | Distribution of parotid gland tumors.





MRI Acquisition Protocols

The MRI data of patients were obtained from the picture archiving and communication system (PACS) of the First Affiliated Hospital of Zhengzhou University. Preoperative plain and contrast-enhanced MRI of the parotid gland was performed for each patient with parotid gland lesion in this study. MRI was performed on three 3.0 T MRI scanners with head/neck coil: a Skyra scanner (Siemens Healthineers, Germany), a Discovery 750 scanner (GE Healthcare, USA), and an Ingenia CX scanner (Philips Healthcare, Holland). The conventional scanning sequences including T1-weighted imaging (T1WI) in axial planes; T2-weighted imaging (T2WI) in axial, sagittal, and coronal planes, axial DWI, and post-contrast (Gadolinium, 0.1 mmol/kg) T1WI in axial, sagittal, and coronal planes were performed. The ADC maps were generated inline after the data acquisition and exported from the PACS workstation to a personal computer in DICOM format (30). A detailed overview of the MRI parameters is listed in Table 2. For the MRI data of our 130 patients, cases from Skyra scanner, Discovery 750 scanner, and Ingenia scanner were 92, 26, and 12, respectively.


Table 2 | MRI main sequence parameters.





ROI Segmentation

The ADC maps were used for our radiomics study. Axial ADC maps were digitally transferred to ITK SNAP (www.itksnap.org). The ROI was manually drawn around the whole tumor margin on each slice of ADC maps (Figure 1). All lesions were separately segmented and evaluated by two independent radiologists with 9 and 6 years of experience, respectively, in MRI. The radiologists know nothing about the histological results.




Figure 1 | ROI delineation of PA on ADC in ITK SNAP.





Feature Extraction

We used the open-source PyRadiomics toolbox to quantify radiomics features from the ADC maps (https://pyradiomics.readthedocs.io/). Three image types (original, wavelet, and gradient) were enabled and then, from each (original and/or derived) image type, extracted the following feature classes: first-order statistics (19 features), gray level co-occurrence matrix (GLCM, 24 features), gray level run length matrix (GLRLM, 16 features), gray level size zone matrix (GLSZM, 16 features), neighboring gray tone difference matrix (NGTDM, 5 features), and gray level dependence matrix (GLDM, 14 features). Meanwhile, 14 shape-based (three-dimensional) features were also extracted from the original image. In total, 944 features were extracted.

To evaluate the relationship between tumor segmentation and extracted imaging features, the intra-class correlation coefficient (ICC) was used to evaluate interobserver reproducibility for the extracted imaging features from the ROI drawn by the two radiologists. The ICC ranged from 0 to 1.00 and was interpreted as follows: r < 0.20, poor; r = 0.20–0.40, fair; r = 0.41–0.60, moderate; r = 0.61–0.75, good; and r > 0.75, excellent. Finally, 260 features were excellent, and the rest 684 features were good.



Statistical Analysis

In this study, 88 BT (54 PA and 34 WT) and 42 MT of the parotid gland were enrolled. Each case was randomly divided into training and testing cohorts at a ratio of 7:3 and then was compared with each other, respectively, after the following pipeline.

The Synthetic Minority Oversampling TEchnique (SMOTE) was used to remove the unbalance of the training dataset. Then, we applied the normalization process on the feature matrix. For each feature vector, we calculated the mean value and the standard deviation. Each feature vector was subtracted by the mean value and was divided by the standard deviation. After the normalization process, each vector has zero center and unit standard deviation. To reduce the similarity of each feature pair, we calculated the Pearson correlation coefficient (PCC) value of each feature pair and eliminated one of them if the PCC value was larger than 0.95 so that each feature was independent to each other. Then, we used recursive feature elimination (RFE) algorithm to process feature selection, which is based on a classifier that recursively considers smaller set of features in the training dataset by ranking features by importance until the specified number of features remains.

We used linear discriminant analysis (LDA) as the classifier. LDA was a linear classifier by fitting class conditional densities to the data and using Bayes’ rule. To determine the hyper-parameter (e.g., the number of features) of a model, we applied cross-validation with five-fold on the training dataset. The hyper-parameters were set according to the model performance on the validation dataset.

Receiver operating characteristic (ROC) curve analysis was used to evaluate the diagnostic performance of the ADC map–based radiomics features for differential diagnosis of parotid gland tumors (BT and MT, PA and WT, PA and MT, and WT and MT). The area under the ROC curve (AUC) was calculated for quantification. The accuracy, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) were also calculated at a cutoff value that maximized the value of the Youden index. We also estimated the 95% confidence interval by bootstrap with 1,000 samples. All the above processes were implemented with FeAture Explorer Pro (FAEPro, version 0.4.0) on Python (3.7.6).




Results


BT (PA + WT) vs. MT

The LDA model based on eight features can get the best diagnostic performance on the testing set in differentiating BT (PA + WT) from MT. The AUC and the accuracy could achieve 0.7637 and 73.17%, yielding sensitivity and specificity 84.62% and 67.86%, respectively. The diagnostic performance of significant ADC radiomics parameters and the selected features in differentiating PA from MT were shown in Tables 3, 4. The ROC curve was shown in Figure 2A.


Table 3 | ROC analysis of ADC radiomics parameters.




Table 4 | The coefficients of features in the model.






Figure 2 | The ROC curves of different parotid gland tumors: (A) BT vs. MT; (B) PA vs. WT; (C) PA vs. MT; (D) WT vs. MT.





PA vs. WT

The LDA model based on 13 features can get the best diagnostic performance on the testing set in differentiating PA from WT. The AUC and the accuracy could achieve 0.925 and 92.31%, yielding sensitivity and specificity 80.00% and 100.00%, respectively. The diagnostic performance of significant ADC radiomics parameters and the selected features in differentiating PA from WT were shown in Tables 5, 6. The ROC curve was shown in Figure 2B.


Table 5 | ROC analysis of ADC radiomics parameters.




Table 6 | The coefficients of features in the model.





PA vs. MT

The LDA model based on three features can get the best diagnostic performance on the testing set in differentiating PA from MT. The AUC, the accuracy, sensitivity, and specificity could achieve 0.8077, 75.86%, 100.00%, and 56.25%, respectively. The diagnostic performance of significant ADC radiomics parameters and the selected features in differentiating PA from MT were shown in Tables 7, 8. The ROC curve was shown in Figure 2C.


Table 7 | ROC analysis of ADC radiomics parameters.




Table 8 | The coefficients of features in the model.





WT vs. MT

The LDA model based on one feature can get the highest AUC on the testing set in differentiating WT from MT. The AUC, accuracy, sensitivity, and specificity could achieve 0.5923, 65.22%, 46.15%, and 90.00%, respectively. The diagnostic performance of significant ADC radiomics parameters and the selected features in differentiating WT from MT was shown in Tables 9, 10. The ROC curve was shown in Figure 2D.


Table 9 | ROC analysis of ADC radiomics parameters.




Table 10 | The coefficients of features in the model.






Discussion

Using ADC-based radiomics analysis to detect parotid gland tumors has increasingly shown its value on different histopathological entities (30–33). ADC-based texture analysis, as a non-invasive and quantitative additional supporting tool, can extract features of entire tumors and go beyond individual-based visual assessment (34). Previously, many studies (26, 34–42) have explored the computer-assisted discrimination of benign and malignant parotid gland tumors, but only a few studies have evaluated the role of ADC-based radiomics features in the differentiation of parotid lesions (29, 31, 34). In our study, the ADC-based radiomics features were from three different manufacturers, which still shows a good performance in differentiating PA and WT from MTs. This implies the advantage of the generalization of our ADC-based features that can cross different manufacturers.

It was observed that intra/inter-tumoral heterogeneity and overlap of ADC values between BT and MT could be overcome by making a whole-tumor analysis (30, 31, 43). Previously, Ma et al. reported that no significant difference between BT and MT was found in ADC histogram parameters extracted from the ROI of whole-tumor ADC map (30). We used LDA as the classifier and found a significant difference in ADC map–based radiomics features between parotid gland BT and MT. The AUC of this model is 0.7637 in sensitivity of 84.62% and specificity of 67.86%, which may be explained by that WT was not the dominant tumor among BT. The specificity of our result is slightly lower, this could arise from that both parotid gland BT and MT have been well-differentiated and exhibiting cytological overlap.

In the comparison of PA and WT, we found extracted radiomics features get excellent diagnostic performance; the AUC is 0.925 in sensitivity of 80.00% and specificity of 100.00%; these results agree with findings of previous reports (28, 30, 31), and it may be due to the tumor components. PA exhibits a variety of histopathologic characteristics, and the presence of epithelial, mesenchymal-like tissues and rich mucus is the main diagnostic feature, which leads to facilitated water diffusibility and the highest ADC values (18, 44, 45). However, WT has lymphoid stroma with low ADC values (17, 46).

We found that the AUC was 0.8077 in sensitivity of 100.00% and specificity of 56.25% in distinguishing PA from MT, and the diagnostic performance of ADC map–based radiomics features was high, which agreed with findings of previous reports (28, 30, 31). Heterogeneous ADC maps were seen in MT (47). Investigators reported that myxoid lymphosarcomas, adenoid cystic carcinomas, and mucoepidermoid carcinomas had higher ADC values compared with other malignant neoplasms, whereas lymphomas had lower ADC values (17), but ADC values of MT were lower than these of PA.

Comparing WT with MT, our study showed that the AUC was 0.592 in sensitivity of 46.15% and specificity of 90.00%, and the diagnostic performance of ADC map–based radiomics features was not high, which is due to WT having high cellularity. The histologic structure of WT that can resemble MT includes both an oncocytic epithelial component and lymphoid stroma (17, 46, 48).

This study has some limitations. First, the data were performed on three 3.0 T MRI scanners, and different parameters might affect the diagnostic performances of the ADC map–based radiomics features; MRI acquisition parameters certainly need to be considered in the further clinical application of this technology. Second, we only constructed radiologic features based on ADC maps, and combining T2WI and contrast-enhanced T1WI is needed to accumulate more evidence for future clinical applications. Third, it is a retrospective study with relatively fewer cases, especially some pathological categories in MT. They included only PA and WT as BTs and that the dataset was unbalanced (BT was more represented than MT). We will continue to collect cases and expand the sample size. Last but not least, we did not validate our model with an external dataset. Multicenter studies with a larger number of patients are needed to further research.



Conclusion

In this study, we proposed to use ADC-based radiomics features for differential diagnosis of PA and WT from MT, which shows very good predictive performance. This implies that the radiomics analysis can be used as an additional tool for supporting radiologists’ decisions. Further validation in a larger prospective study is required for this method.
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