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Purpose

Accurate preoperative prediction of the malignant transformation of sinonasal inverted papilloma (IP) is essential for guiding biopsy, planning appropriate surgery and prognosis of patients. We aimed to investigate the value of MRI-based radiomics in discriminating IP from IP-transformed squamous cell carcinomas (IP-SCC).



Methods

A total of 236 patients with IP-SCC (n=92) or IP (n=144) were enrolled and divided into a training cohort and a testing cohort. Preoperative MR images including T1-weighted, T2-weighted, and contrast enhanced T1-weighted images were collected. Radiomic features were extracted from MR images and key features were merged into a radiomic model. A morphological features model was developed based on MR morphological features assessed by radiologists. A combined model combining radiomic features and morphological features was generated using multivariable logistic regression. For comparison, two head and neck radiologists were independently invited to distinguish IP-SCC from IP. The area under the receiver operating characteristics curve (AUC) was used to assess the performance of all models.



Results

A total of 3948 radiomic features were extracted from three MR sequences. After feature selection, we saved 15 key features for modeling. The AUC, sensitivity, specificity, and accuracy on the testing cohort of the combined model based on radiomic and morphological features were respectively 0.962, 0.828, 0.94, and 0.899. The diagnostic ability of the combined model outperformed the morphological features model and also outperformed the two head and neck radiologists.



Conclusions

A combined model based on MR radiomic and morphological features could serve as a potential tool to accurately predict IP-SCC, which might improve patient counseling and make more precise treatment planning.
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Introduction

Inverted papilloma (IP) is an uncommon sinonasal epithelial neoplasm accounting for 0.5% to 4.0% of all primary sinonasal neoplasms (1), and it is characterized by aggressive behavior, high recurrence rate, and a 7% to 10% possibility of malignant transformation into squamous cell carcinoma (IP-SCC) (2). The incidence of IP associated with the synchronously or metachronous SCC is reported from 2% to 53% (2–5), in which synchronous SCC accounts for approximately 55%–70% (2, 5, 6). Therefore, it is essential for precision diagnosis and treatment as well as prognosis to accurately predict IP-SCC preoperatively (3, 7, 8). However, it is very difficult to diagnose IP-SCC preoperatively due to similarity in clinical presentation and imaging findings with IP (9).

Local biopsy based on endoscopy is the most common surveillance technique (10). However, it is difficult for surgeons to inspect areas in the sinus that are not easily seen, and the accuracy of biopsies may be affected by sampling errors (11). Some studies have found that pain, epistaxis, and recurrence are the clinical presentations of malignant transformation of IP (12–14). However, these clinical presentations could also be found in IP patients, and sample sizes of IP-SCC in these studies are relatively small (5).

CT and MRI have also been used to distinguish IP-SCC from IP. Although IP-SCC on CT scan can show significantly higher bone destruction (13), this finding is quite nonspecific because IP may also have aggressive bone destruction (15, 16). So far, MRI has more promise in detecting malignant transformation. Convoluted cerebriform pattern (CCP) has been proved as a classical and reliable MRI feature of IP (17–19). Several studies have reported that focal loss of CCP may indicate malignant transformation of IP (18, 20, 21). Recently, some studies have attempted to predict IP-SCC using the loss of CCP combined with MR morphological features associated with malignancy, and achieved high specificity, but the sensitivity was unsatisfactory (9, 22). This is mainly because designation of CCP is relatively subjective and may be affected by radiologists’ misinterpretation, particularly when evaluating smaller tumors (9). Therefore, it is necessary to develop a more objective form of image analysis.

Radiomics is a novel technique which extracts large-scale quantitative features from medical images and constructs machine learning models based on these features (23–26). Radiomics has been widely used in cancer screening, diagnosis, treatment, and outcome prediction (27–30). Recently, Ramkumar et al. (31) found that MRI-based texture analysis had the potential to differentiate SCC from IP. However, there is no study investigating the application of radiomics to the differentiation of IP and IP-transformed squamous cell carcinomas.

Therefore, this study aimed to investigate the value of MRI-based radiomics in discriminating sinonasal IP from IP-transformed squamous cell carcinomas, and to improve the accuracy of preoperative diagnosis of IP-SCC.



Materials and Methods


Patients

This retrospective study has been approved by our institutional review board and the informed consents were waived. The medical records of pathologically proven IP or IP-SCC patients who underwent surgery at Beijing Tongren Hospital were retrospectively reviewed between January 2008 and December 2019. Recurrent tumors were included in the study. Patients were required to have a contrast-enhanced head and neck MRI within 3 weeks before surgical resection. Patients were excluded if they had chemotherapy or radiation therapy. In addition, patients were further excluded if the maximum diameter of the tumor was smaller than 1.5 cm on axial MR slices to ensure that enough radiomics features could be extracted. Finally, 236 patients with IP-SCC (n=92) or IP (n=144) were included in the study. The patients were randomly divided into a training cohort (n=157) and a testing cohort (n=79) at a ratio of 2:1 (Figure 1).




Figure 1 | Flow diagram shows the procedure of data selection for prediction of malignant transformation of inverted papilloma. IP, inverted papilloma; IP-SCC, inverted papilloma–transformed squamous cell carcinoma.



Demographic and clinical data were collected from enrolled patients, including gender, age, tumor location, and history of IP resection.



Image Data Acquisition

All MR images were obtained with 3.0 T MR scanners (Ingenia; Philips Healthcare, Amsterdam, The Netherlands; or GE Signa HDxt, GE Healthcare, Milwaukee, USA; or GE Discovery 750, GE Healthcare, Milwaukee, USA) using an 8-channel head coil. The MR protocol included axial fast spin-echo (FSE) T1-weighted images (T1WI), FSE T2-weighted images (T2WI), and fat-saturated contrast enhanced T1WI (CE-T1WI). Contrast-enhanced T1-weighted images (CE-T1WI) were obtained after the intravenous bolus injection of 0.1 mL/kg gadopentetate dimeglumine. The detailed parameters for MR images acquisition are shown in Table S1.



Images Segmentation

A head and neck radiologist (Y.Y.) segmented the Region of Interest (ROIs) of tumor for all of the patients using ITK-SNAP software (www.itksnap.org). For each MR sequence, the slice with the largest tumor area and its adjacent slices were selected and the outline of the tumor was delineated. In order to check the intra-reader agreement of tumor segmentation, we randomly selected 30 patients and segmented the ROI again by another radiologist (JH.T.). The intra-class correlation coefficient (ICC) was calculated to measure the robustness of the radiomic features.



Feature Selection and Radiomic Model Construction

Before feature selection, all MR images were normalized and resampled using B-spline interpolation to 1mm×1mm×1mm in order to compensate for scanner-dependent variability in image intensity. Detailed process shown in Supplementary A1. A total of 1316 radiomic features were extracted from each MR sequence using Pyradiomics (https://pyradiomics.readthedocs.io). For each ROI, the shape, intensity (first order statistics), and textural features were calculated and normalized by the z-score method (29, 32). Then, we respectively constructed three single-sequence radiomic signatures (T1WI, T2WI, and CE-T1WI) using corresponding sequence images.

The building process of each single-sequence signature was as follows: (1) we retained features that were significantly associated with IP-SCC in a univariable analysis; (2) the features with good robustness (ICC>0.75) were reserved for further analysis (33); (3) the minimum redundancy maximum relevance (mRMR) method was used to rank the radiomic features with mutual information. The top five features were selected as the final radiomic features; (4) the radiomic signatures were generated using logistic regression based on the five features.

We further combined the three single-sequence radiomic signatures to construct a radiomic model using multivariable logistic regression.



Morphological Model and Combined Model Construction

The morphological features assessment was performed independently by two head and neck radiologists (Y.Y. 5 years of clinical experience and JH.T. 10 years of clinical experience, respectively) who were blinded to histopathology and clinical information. Morphological features included cranial base invasion, orbit invasion, soft tissue invasion in the maxillofacial area, internal necrosis of the tumor, and loss of a convoluted cerebriform pattern (CCP). We designated a CCP as alternating hyperintense and hypointense bands in the solid components of the tumor on T2WI or CE-T1WI. The loss of CCP was categorized as partial, total, and no loss of CCP (9, 34). Cohen’s kappa interrater reliability score was calculated to measure the inter-group agreement of the two radiologists’ assessments for the morphological features.

For the morphological model, we first selected the morphological features that were of significant relevance to IP-SCC. Then, based on significant features, we respectively used two classifiers, including logistic regression and support vector machine (SVM), to construct and save the one with better diagnosis ability as a morphological model.

Finally, we built a combined model that embedded the radiomic model and morphological model. Linear regression was used for the merging of the two models.



Model Validation and Comparison

The performances of the prediction models were assessed using the receiver operating characteristic (ROC) curve and area under the curve (AUC) with a 95% confidence interval (CI). The sensitivity, specificity, and accuracy were also calculated for further evaluation. The calibration curves were applied to modify and reduce the bias of the models. Furthermore, the performance of the constructed models in this study were evaluated by a 5-fold cross-validation setup.

For comparison, a senior and junior head and neck radiologist (Y.Y. and JH.T.) were invited to independently diagnose IP-SCC via MR images. Both of the radiologists were blinded to the histopathology during the diagnosis process.

All of the images were scanned by three MR scanners (Philips Ingenia; GE Signa HDxt; GE Discovery 750). Stratified analysis was used to check whether the models were affected by different MR scanners.



Statistical Analysis

The chi-square test and two-tailed t tests were used to calculate univariate analyses for categorical and continuous variables, respectively. P<0.05 was considered statistically significance. Radiomic feature standardization, selection and model building were performed using the Python (version: 3.7). The radiomic features with ICC > 0.75 were regarded as having good robustness and stability. ROC analysis was used to evaluate the diagnostic performances of models and radiologist assessment [95% confidence intervals (CIs), specificity, and sensitivity were also calculated]. The DeLong test was performed to compare the diagnostic performance of models. The statistical analyses were performed with R software (version: 3.6) and Python (version: 3.7).




Results


Clinical and Morphological Characteristics

There were 157 patients in the training cohort (94 IPs and 63 IP-SCCs). The remaining 79 patients were allocated into the testing cohort (50 IPs and 29 IP-SCCs). As shown in Table 1, the average ages of patients for IP-SCC and IP were 57.4 and 51.6 years, respectively (P = 0.001). There was no difference in sex and prior IP resection between IP-SCC and IP. The maxillary sinus was a more common tumor site in IPs than IP-SCCs (P <0.001); the frontal sinus was a more common tumor site in IP-SCCs than IPs (P < 0.001).


Table 1 | Demographics and Clinical Characteristics.



The Cohen’s kappa interrater reliability score calculated for five MR morphological features assessed by two radiologists were over 0.8, reflecting a strong agreement (Table S2) (35). As shown in Table 2, there were five features that were significantly associated with IP-SCC in the training cohort including cranial base invasion (P = 0.001), orbit invasion (P <0.001), soft tissue invasion in the maxillofacial area (P = 0.003), internal necrosis of the tumor (P = 0.003), and loss of a convoluted cerebriform pattern (P < 0.001). All of these features were also significant in the testing cohort.


Table 2 | Morphological features of patients in training and Testing cohorts.





Reproducibility and Feature Selection

A total of 3948 features (1316 features per MR sequence) were extracted from the tumor ROIs. After the univariable analysis, we selected 701, 757, and 748 features with a significant difference from T1WI, T2WI, and CET1WI, respectively. There were 580 (82.8%), 714 (94.4%), and 645 (86.2%) features showing good consistency and robustness from T1WI, T2WI and CE-T1WI sequences, respectively. For each sequence, we finally selected five key features to construct a radiomic signature. Table S3 shows those key features in the three sequences.



Diagnostic Performances of Radiomic and Morphological Models

The performances of the three single-sequence signatures are shown in Table S4. In the validation cohort, the AUC of the CE-T1WI-signature (AUC = 0.931) surpassed the T1WI-signature (AUC = 0.857) and T2WI-signature (AUC = 0.886).

A radiomic model was constructed by fusing a T1WI-signature, T2WI-signature, and CE-T1WI-signature. As shown in Table 3, the radiomic model had good ability in discriminating IP-SCC from IP. In the testing cohort, the AUC of the radiomic model (AUC = 0.940) was better than the three single-sequence signatures.


Table 3 | The Performance of Models in Training and Testing cohorts.



We chose SVM classifier to construct morphological features model containing five morphological features. The morphological features model reached accuracy of 0.796 and 0.823 in training and testing cohorts, respectively (Table 3).



Diagnostic Performances of the Combined Model and Comparison With Radiologists

The ROC curves of the radiomic model, and combined model are shown in Figure 2. The quantitative indices of the models are shown in Table 3. The AUC, sensitivity, specificity, and accuracy on the test cohort of the combined model were respectively 0.962, 0.828, 0.94, and 0.899. The sensitivity, specificity, and accuracy of the combined model surpassed morphological features model.




Figure 2 | The ROC curves of the radiomic model, morphological features model, and combined model in (A) training and (B) testing cohorts.



We also randomly divided the dataset into five parts. After 5-fold cross-validation, we noticed that the AUCs of combined model range from 0.964-0.9790 in training cohort and 0.932-0.985 in testing cohort. The average AUC of combined model (training cohort:0.971; testing cohort: 0.951) surpassed than that of other models (Table S5). As shown in Figure 3, the calibration curves demonstrated that the predicted results of the combined model were in good agreement with the actual results.




Figure 3 | (A) The calibration curves of the combined model in training and testing cohorts. (B) Distribution of the combined model predicted values in training and testing cohorts.



We also compared the performance of the two head and neck radiologists and the combined model (Figure 4). As shown in Table 3, the combined model had better accuracy (0.899) and sensitivity (0.828) than the two radiologists in the testing cohort. The specificity of the combined model was similar to the two radiologists. This indicated that the combined model could diagnose more patients with IP-SCC, while avoiding missed diagnoses.




Figure 4 | Patient 1: axial T1WI (A), axial T2WI (B), and axial contrast-enhanced T1WI (C). A 48-year-old man was pathologically diagnosed as inverted papilloma in the right nasal cavity and maxillary sinus, with severe epithelial atypical hyperplasia and carcinogenesis. The presence of convoluted cerebriform pattern and absence of extra-sinonasal involvement led to a misclassification as benign by the two radiologists, whereas the radiomic model well-classified it as malignant. Patient 2: axial T1WI (D), axial T2WI (E), and axial contrast-enhanced T1WI (F). A68 year-old man was pathologically diagnosed as an inverted papilloma in the left frontal sinus and, with squamous cell carcinoma in some areas. In this case, orbital invasion was a key feature of malignancy easily seen by radiologists. The two radiologists well-classified the case as malignant, whereas the radiomic model misclassified it as benign.





Impact of Different MR Scanners on the Models

In the stratified analysis, all patients were divided into three subgroups according to different MR scanners (Philips Ingenia; GE Signa HDxt; GE Discovery 750). From Table S6, we found that the radiomics features in the model performed well in different scanners. As shown in Figure 5, there was no significant difference in the performance of the combined model among the three MR scanners (P ≥ 0.249).




Figure 5 | ROC curves of the combined model in different MR scanners. There was no significant difference in the performance of the combined model among the three MR scanners.






Discussion

Accurate prediction of the malignant transformation of IP has long been a focus of clinical concern and challenge (1, 5). As malignant tumors require more extensive surgical resection and adjuvant treatment, preoperatively prediction of the malignant transformation of IP is critical for improving patient counseling and planning precise treatment (3).

In this retrospective study, we developed a combined model based on MR radiomic features and morphological features to discriminate IP-SCC from IP. The results showed that the combined model had excellent diagnostic accuracy, which performed better than the radiomic model and morphological model. Moreover, the combined model outperformed the two head and neck radiologists, demonstrating the potential clinical value of the model.

In previous studies, many researchers found that the loss of a convoluted cerebriform pattern (CCP) was a significant MRI feature for predicting IP-SCC (18, 20–22, 34). Yan et al. (9) previously evaluated 35 IP-SCC patients and found that 60% of patients had a complete loss of CCP. In the study of Zhang et al. (22), the sensitivity and specificity of loss of CCP for predicting IP-SCC were 73.4% and 85.4%, respectively. In our study, the loss of CCP was found in 61.9% (57/92) of IP-SCC patients and 11.1% (16/144) of IP patients. These studies suggested that it is not sufficient for differentiating IP-SCC from IP only by the presence or absence of CCP. The potential possibility of interpretive error increases, particularly when a small focus of SCC exists within a large benign IP and cannot be recognized because of the presence of CCP (22, 36).

In terms of evaluating the intrinsic appearance of a tumor, radiomics has a strong ability of feature extraction and texture analysis. It can provide incremental benefits when the radiologists’ visual recognition ability reaches its limit, and can comprehensively extract and analyze the internal fine structure of the tumor (37–39). In the current study, the best 15 radiomic features that could discriminate IP-SCC from IP included 13 texture features, 1 shape feature, and 1 intensity feature. Among them, the texture features which reflect gray-level nonuniformity had higher values in IP-SCC, which may be explained by a higher heterogeneity of the images. Accurately assessing the heterogeneity of a small region would be the key to detecting focal malignant transformation in IP (31).

Interestingly, radiomics could also extract useful features from images that may be ignored by the human eyes. The study of Ramkumar et al. (31) found that the texture features extracted from non-enhanced T1WI could be used to distinguish IP from SCC. To our best knowledge, the value of T1WI in distinguishing malignant transformation of IP has not receive attention. Therefore, our study selected radiomic features from T1WI, T2WI, and CE-T1WI images to avoid missing key features. The results showed that the key radiomic features of these three sequences had good diagnostic performances. The features in the CE-T1WI sequence showed the best diagnostic performance. In this study, we fused the radiomic features from the three sequences together to construct a radiomic model, which has a powerful ability to identify IP-SCC.

However, the radiomic model we constructed was meant to supplement radiologists’ diagnostic abilities rather than compete with them. In clinics, the diagnosis is based on the synthesis of all available data, including not only the intrinsic appearance of tumor, but also the imaging features of the peritumoral environment, such as the invasion and destruction of the tumor in the surrounding tissues (31). Therefore, five MR morphological features assessed by radiologists were analyzed in this study, these features were significantly different between IP and IP-SCC. Among them, cranial base invasion, orbit invasion, and soft tissue invasion in the maxillofacial area reflect the involvement of peritumoral tissues, whereas these features were not common in IP-SCCs of our study. Some malignancies of this study, including 29 cases of pathologically confirmed carcinoma in situ, did not show obvious aggressiveness, leading to the high specificity but unsatisfactory sensitivity of diagnostic results by the two head and neck radiologists who give results based on these morphological features.

The model based on morphological features performed worse than the radiomic model, the combined model (the combination of radiomic model and morphological feature model) performed better than the other two models. This indicated that the combined model might improve the limit of ignoring the peritumoral environment produced by radiomic model, and would bring an icing on the cake effect.

Our study had some limitations. First, we did not include diffusion weighted images. It has been reported that the apparent diffusion coefficient (ADC) value can also distinguish IP-SCC from IP (9). However, if malignant transformation occurs as a small focus, the mean ADC value cannot represent IP-SCC in the background of IP (34), which may require a histogram analysis of ADC values for the whole tumor (34). Second, we included inverted papilloma-transformed squamous cell carcinoma as much as possible to develop a robust model, the current study included 105 recurrent patients, which may decrease the quality of data. But we have not found any difference in radiomic features between the recurrent tumors and primary tumors. The outcomes of a previous treatment (scar, hyperostosis, iatrogenic anatomical changes) could influence the radiological interpretation. However, scar and hyperostosis identified by MR images may not be totally consistent with histopathological results, so they are not evaluated in the current study, which my influence the performance of the model. We will investigate them in the future. Third, although the radiomic model can distinguish IP-SCC from IP, it cannot accurately pinpoint which regions develop malignant transformation within the tumor, further prospective studies were required to ensure that the histopathological analysis results can be accurately synchronized and corresponded with MR images (31). The goal of the next step for radiomics should be to assist diagnosis by highlighting the most suspicious regions of malignant transformation. Forth, the rate of SCC in inverted papillomas (39%) is higher than the trends reported in the literature, which may bring bias to the assessment of the diagnostic performance of the model. Our hospital is one of the best hospitals in otorhinolaryngology in China, many patients with IP-SCC seek treatment at our hospital, so the rate of SCC in inverted papillomas in higher than trends reported in the literature. We will validate and optimize the model using multicenter data in the future.

In conclusion, we constructed a combined model based on MR radiomic features and morphological features to discriminate IP-SCC from IP. The model could serve as a potential tool to assist clinicians for an accurate and noninvasive diagnosis of the malignant transformation in IP patients, which might improve patient counseling and help to make more precise treatment planning for IP-SCC.
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IP, inverted papilloma; IP-SCC, inverted papilloma-transformed squamous cell carcinoma; CCP, convoluted cerebriform pattern.
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AUC, area under the curve; Cl, confidence interval: SEN, Sensitivity; SPE, Specificity: ACC, Accuracy; TP, True Positive; FN, False Negative; FP, False Positive; TN, True Negative.
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IP-SCC (n = 92)
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Tumor location*, n (%)
Nasal cavity 54 (58.7)
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Prior IP resection, n (%)
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*Multiple locations of tumors were counted separately.

IP, inverted papilloma; IP-SCC, inverted papilloma-transformed squamous cell

carcinoma.





OEBPS/Images/fonc-12-870544-g003.jpg





OEBPS/Images/fonc-12-870544-g005.jpg
o8

o4

02

0

UL curves In diirerant scanners

— GE Signa HDx: 0952
—— Philps Ingenia: 0977
—— GE Discovery 750: 0938

@

w7

@ g [
PR





