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Nasopharyngeal carcinoma (NPC) is a malignant tumor of the head and neck. The primary clinical manifestations are nasal congestion, blood-stained nasal discharge, headache, and hearing loss. It occurs frequently in Southeast Asia, North Africa, and especially in southern China. Radiotherapy is the main treatment, and currently, imaging examinations used for the diagnosis, treatment, and prognosis of NPC include computed tomography (CT), magnetic resonance imaging (MRI), positron emission tomography (PET)-CT, and PET-MRI. These methods play an important role in target delineation, radiotherapy planning design, dose evaluation, and outcome prediction. However, the anatomical and metabolic information obtained at the macro level of images may not meet the increasing accuracy required for radiotherapy. As a technology used for mining deep image information, radiomics can provide further information for the diagnosis and treatment of NPC and promote individualized precision radiotherapy in the future. This paper reviews the application of radiomics in the diagnosis and treatment of nasopharyngeal carcinoma.




Keywords: nasopharyngeal carcinoma, computerized tomography, magnetic resonance imaging, positron emission computed tomography, radiomics



1 Introduction

Compared with other head and neck tumors, NPC has unique epidemiological, etiological, clinical, and genetic characteristics (1). According to the data of the International Agency for Research on Cancer, there are approximately 133,354 new cases of NPC, which accounts for only 0.7% of all cancers diagnosed in 2020. More than 70% of new cases occur in East and Southeast Asia, and South China is also an area with a high incidence. The age-standardized mortality rate in China is 1.6/100000, which is approximately twice that of NPC worldwide (2). Therefore, accurate treatment of NPC is imperative.

Because of the specific anatomical position and important adjacent structures of NPCs and the high sensitivity of NPC to radiotherapy, the main treatment for NPC is a comprehensive treatment based on radiotherapy. During radiotherapy, the medical images applied to NPC include magnetic resonance imaging (MRI), computed tomography (CT), positron emission tomography (PET)-CT, and PET-MRI (3). These various medical imaging methods have distinct characteristics. MRI has high contrast for different tissues, which provides high-resolution images of soft tissue; however, it requires a long acquisition time (4). CT has advantages in imaging bone and vascular invasion, and image acquisition is rapid; thus, it is well tolerated by patients (5, 6). In contrast to anatomical imaging, PET-CT combines biological metabolic information, and PET-MRI combines metabolic information with high-resolution soft-tissue images, and therefore, they are expected to become new methods for the diagnosis and treatment of NPC (5–7). These imaging methods have played a crucial role in target delineation, planning, quantitative evaluation, radiotherapy response tracking, and outcome and toxicity prediction of NPCs (8–11). However, the application of traditional images is aimed at diagnosing and treating diseases from a macro perspective. Patients with similar stages and grades of tumor experience different therapeutic effects with the same treatment due to the internal heterogeneity of the tumor (12). Only analyzing the disease from an anatomical level cannot meet the needs of treatment. With the increase in standards for radiotherapy, hidden information in images is valuable for improving NPC treatments. Radiomics is a technology that involves mining deep information in images, which has been used widely in the diagnosis, treatment, and prognosis of lung, esophageal, breast, rectal, and prostate cancers (13–16). There is an increasing number of studies investigating the diagnosis and treatment of NPC using radiomics. For example, one study applied metabolic information obtained from PET-CT to the treatment of head and neck squamous cell carcinoma with the aim of performing dose painting (17).



2 Radiomics

As an emergent field of transformational research, radiomics extracts quantitative features from medical images to decode the heterogeneity derived from tumor regions, metastatic lesions, and normal tissues, and explore microscopic changes in morphological and functional images (18). There are four steps in radiomics studies, which comprise image acquisition, tumor segmentation, feature extraction, and model development and validation (19) (Figure 1). Radiomics is distinct from traditional radiology, where images are not only interpreted visually; moreover, quantitative analyses are possible because the images are the data.




Figure 1 | Flow chart of radiomics.



Radiomics statistical features can be divided into first-order, second-order, and high-order features. A first-order statistical feature describes the distribution of individual voxel values without considering the spatial relationship (20). Second-order features are usually described as ‘texture’ features; they describe the statistical correlation between voxels with similar (or dissimilar) contrast values and provide a measurement of intratumor heterogeneity. The high-order statistical method applies a filter grid to the image to extract repeated or non-repeated patterns (19). These data are combined with clinical data to develop models to improve the accuracy of diagnostic, treatment, and prognostic predictions. Mining image information and combining clinical medicine with engineering may become routine practice in the diagnosis and treatment of NPC in the future. Furthermore, radiomics will allow oncologists to establish relevant tumor databases and use this data to provide decision support for the diagnosis and treatment of tumors (21).



3 Radiomics Signature

When researchers make predictions about diagnosis or treatment based on radiomics, they need to first clarify the diseases and problems to be studied, and then collect relevant clinical data, such as hemoglobin, lymphocytes, etc. The features which are extracted from the volume of interest and related clinical parameters are filtered through various ways, such as Cox proportional hazards model and classifier, and then the final required model is established (22).



4 Application of Radiomics for the Diagnosis and Treatment of NPC

Most imaging studies on NPC have focused on MRI data, and few have reported on the use of CT, PET-CT, and PET-MRI images. Moreover, studies have focused predominantly on prognosis, and there is currently a lack of exploratory and prospective studies, even though retrospective studies can provide valuable clinical guidance for diagnosis, differential diagnosis, treatment, recurrence, and prognosis of the disease.


4.1 Diagnosis


4.1.1 Diagnosis

The resolution of soft tissue on MRI is significantly superior to that of CT and PET-CT and can effectively show the range of parapharyngeal space, skull base, and intracranial tumors. It is the gold standard for the evaluation of NPC (5–7). NPC is prone to distant metastasis; therefore, PET-CT is now used to evaluate distant metastasis by providing systemic anatomical and metabolic information. The National Comprehensive Cancer Network guidelines (23) recommend MRI and PET-CT for the diagnosis of NPC. The TNM staging system (based on tumor size, regional lymph node involvement, and distant metastases) that is currently used to guide the diagnosis and treatment of NPC is regarded as the gold standard. However, during diagnosis and treatment, patients at similar stages have exhibited different treatment responses, which may be due to the internal heterogeneity of the tumor. Thus, Zhu et al. (24) developed a radiomics model that combined the features extracted from MRI data with clinical information to analyze the survival subgroups of early NPC (validation group C-index: 0.814), compared it with the T (C-index: 0.803) and TNM staging systems (C-index: 0.765), and concluded that performance of the radiomics model was superior to the TNM staging system. This may have a significant impact on individualized diagnoses, treatments, and prognoses of NPC in the future.

Compared with CT, MRI has a higher resolution of soft tissue, which is advantageous for imaging NPCs. Research on the application of CT combined with radiomics to the diagnosis and staging of disease remains limited. PET-MRI combines the metabolic characteristics of PET and the high-resolution characteristics of MRI (6). Compared with MRI, the increased [18F]-fluorodeoxyglucose (FDG) uptake of PET-MRI can better show the subtle changes in local lesions, and it can also provide a more suitable anatomical reference than can PET-CT (5). Chan et al. (25) found that the sensitivity, specificity, and accuracy for the diagnosis of primary tumors of head and neck MRI were 94.2%, 90.9%, and 99.5% (p = 0.75), respectively, 99.6%, 98.3%, and 99.2% (p = 0.92) for head and neck [18F]-FDG PET-CT, respectively, and 98.2%, 96.3%, and 99.3% (p = 0.87) for [18F]-FDG PET-MRI, respectively. The positive predictive value of PET-MRI in the diagnosis of distant metastasis (93.1%) is higher than that of MRI and PET-CT (78.8% and 83.3%, respectively). This was a prospective study that suggested that this imaging method has better diagnostic capabilities for nasopharyngeal cancer and may play an important role in the diagnosis and treatment of NPC in the future.

In a study of PET-MRI combined with radiomics, Feng et al. (26) developed a radiomics model of FDG PET-MRI and reported areas under the curve (AUC) of the training group based on T2-weighted imaging and PET models of 0.85 and 0.84, respectively, and those of the validation group of 0.83 and 0.82, respectively, which offers great promise for the clinical staging of NPCs. In terms of internal heterogeneity of tumors, Akram et al. (27) showed that the imaging features Neighboring Gray Tone Difference Matrix-busyness extracted from MRI data before and after treatment may reflect differences between recurrent and non-recurrent areas in tumors; moreover, they demonstrated the potential of radiomics in the identification of radiation resistance in tumors before treatment to select dose increments.



4.1.2 Differential Diagnosis

Radiomics is advantageous not only for the diagnosis of diseases but also for differential diagnoses. The clinical manifestations and medical images of radiation-induced osteonecrosis and bone metastasis of the cervical spine are similar (28). Furthermore, the two conditions require different treatment methods and thus, require differentiation before treatment. The AUCs of MRI-based radiomics nomogram training and validation groups have been reported to be 0.725 and 0.720, respectively (28). Although CT and MRI are not applicable for differentiating between tumor recurrence and inflammation (29), PET-CT can distinguish between these two conditions; however, the high uptake of inflammation can affect the diagnosis of recurrence. The diagnostic performance of NPC images based on PET-CT imaging was evaluated using 42 cross combinations of six feature selection methods and seven classifiers. The optimal combination of feature selection and machine learning methods (the cross-combination fisher score [FSCR] + random forest [RF], FSCR + k-nearest neighborhood [KNN], FSCR + support vector machines [SVM] with radial basis function kernel [RBF-SVM], and minimum redundancy maximum relevance [MRMR] + RBF-SVM) to identify the two diseases were obtained (AUCs of 0.883, 0.867, 0.892, and 0.883, respectively; sensitivity: 0.833, 0.864, 0.831, and 0.750, respectively; specificity 1, 1, 0.873, and 1, respectively). Compared with the standard uptake value (SUV), total lesion glycolysis, and other indices, radiomics showed a higher AUCs (0.867–0.892 vs. 0.817), although the difference was not statistically significant (p = 0.462–0.560) (Table 1).


Table 1 | Data of relevant models in references.






4.2 Treatment


4.2.1 Treatment Response Prediction

Radiotherapy is the main treatment for NPC during the early stage and radiotherapy and chemotherapy are the primary treatments during in late stage (6). For patients with intensity-modulated radiotherapy, weight loss, tumor regression, and other factors can result in large dose errors when applying the originally planned irradiation (30). In such cases, adaptive radiotherapy may be a better treatment option. Adaptive radiotherapy is usually administered to patients during radiation therapy, and the processes of imaging, sketching, and planning are repeated. The current radiotherapy system presents a significant economic burden for patients, and treatment is time-consuming and labor-intensive. Patients who need adaptive radiotherapy should be identified before treatment to improve treatment response. Yu et al. (30) used tumor marker features in MRI images acquired before treatment, and feature modeling (using enhanced T1 and T2 images provided AUCs of the enhanced T1, T2, and combined model verification groups of 0.852, 0.750, and 0.930, respectively), which may offer a basis for determining patient eligibility for adaptive radiotherapy and developing personalized treatments to reduce dose error. For the treatment response of NPC patients with advanced local progression to induction chemotherapy, Zhao et al. (31) developed a nomogram that combined multi-sequence MRI features before treatment with clinical parameters to predict the treatment effect in non-epidemic NPC areas. The model (training and validation group C-index: 0.952 vs. 0.863) had better predictive ability than the model developed using clinical parameters alone (training and validation group C-index: 0.708 vs. 0.549). In addition, in a study by Piao et al. (32), the AUC of the combined model was highest (AUC: 0.905) with the separate modeling of ClusterShade_angle135_offset 4 and Correlation_AllDirection_offshel_SD features based on enhanced magnetic resonance sequence imaging (AUC: 0.804 and 0.762, respectively). The combined model of the two features can help to determine the sensitivity and drug resistance in patients undergoing neoadjuvant chemotherapy, which is crucial for treatment scheme selection and treatment plan modification in patients with NPC.



4.2.2 Prognosis Prediction

Most imaging studies have focused on the prognosis of NPC. These studies (33–36) demonstrate the effectiveness of conventional MRI in evaluating progression-free survival (PFS), disease-free survival, and overall survival in patients with NPC, in combination with clinical information, such as lymph nodes, Epstein-Barr virus, and tumor stage, which can guide personalized treatment selection and improve the quality of care. Ouyang et al. (33) calculated and analyzed the Radscore and found it can predict PFS as a biomarker. Shen et al. (34) developed five models based on different combinations of data: model 1: clinical data; model 2: overall staging; model 3: radiomics; model 4: radiomics + overall staging; and model 5: radiomics + overall staging + EB virus). Model 5 had a high C-index for predicting PFS (training group 0.805, validation group 0.874). Yang et al. (36) suggested a nomogram integrating lymph node, Dose Volume Histogram signature, reflecting planning score and TNM stage, that had a C-index of 0.811 for the prediction of PFS, which showed better performance than using TNM alone (C-index: 0.613). Furthermore, another study (37) used different combinations of PET, CT, and relevant clinical data to develop models and found that the model combining all three factors had the highest prediction performance (C-indices of the training and validation cohorts were 0.71–0.76 and 0.67–0.73, respectively). Another found that subregional radiomics analysis of NPC outperformed the whole tumor (C-index, 0.69 vs. 0.58) and the traditional AJCC (American Joint Committee on Cancer) staging system for PFS prediction (38).

Radiomics can predict not only treatment effects but also recurrence before treatment, which can improve treatment decision-making. For the prediction of recurrence, most studies use MRI images. Zhang et al. (39) developed models based on MRI radiomics to predict distant metastasis (AUCs of the training and validation groups: 0.827 and 0.792, respectively) and divided patients into low- and high-risk groups based on a risk cutoff score of 0.37 to indicate the risk of metastasis and determine the treatment strategy. A subsequent study (40) introduced a nomogram to radiomics to study local recurrence and found that the nomogram (C-index: 0.74) predicted recurrence more accurately than did radiomics and clinical variables (C-index: 0.59). The study by Raghavan et al. (41) preferred the prediction model, which not only predicted recurrence but also emphasized whether recurrence would occur in the form of local or distant metastasis. The AUC, sensitivity, and specificity of the local recurrence model were 0.82, 0.73, and 0.74, respectively, whereas those of the model for predicting distant metastasis were 0.92, 0.79, and 0.84, respectively. In addition, another study (42) combined machine learning with features extracted from MRI and applied different feature selection and classifier methods to determine the optimal combination (random forest + random forest), which laid a foundation for future studies of local recurrence and distant metastasis prediction combining MRI features with relevant clinical information. Li et al. (43) used radiomics with machine learning to analyze the radiation resistance of local recurrence (artificial neural network: 0.812; KNN:0.775; SVM: 0.732) using existing MRI data, which provided quantitative and objective evaluations of patients with NPC without requiring additional radiation exposure. Furthermore, NPCs with in-field recurrences could be differentiated from NPCs (AUCs: 0.727–0.835).



4.2.3 Prediction of Side Effects

Radiomics can also be applied to the prediction of radiotherapy reactions the following radiotherapy for NPC. In a study of patients with acute xerostomia after radiotherapy (44), parotid CT images and saliva volume were acquired before, during, and after treatment to develop a model to predict changes in saliva volume after early radiotherapy (accuracy: 0.9220, sensitivity: 100%). The difference between the statistical and real values can then be used to predict the degree of dry mouth by predicting the amount of saliva. The diagnosis of radiation-induced brain injury in NPC mainly depends on MRI; however, MRI has limited use for early diagnoses and can only be used to evaluate morphological changes in late radiation-induced brain injury in the temporal lobe. Radiomics can examine microscopic characteristics, which can be used as markers as a basis for the treatment of early brain injury. Zhang et al. (45) developed three models combining machine learning and MRI radiomics; the AUCs of the validation group were 0.830 (95% confidence interval [CI]: 0.823–0.837), 0.773 (95% CI: 0.763–0.782), and 0.716 (95% CI: 0.699–0.733), respectively, which offers promise for applying radiomics to the study of related complications.



4.2.4 Stability Characteristic Study

Because there are numerous methods to extract radiomics features, obtaining robust features is vital for the generalizability of radiomics models. Liang et al. (46) used two different feature extraction tools to extract features from different NPC MRI sequences. Different extraction methods had varying effects on the features, which may impact model development. Thus, the selection of stable features of the disease is key. In a study on PET-CT radiomics characteristics under different contrast agents, Lu et al. (47) selected [18F]-FDG and [11C] choline to examine segmentation and discretization and revealed that discretization has a greater impact on features than does segmentation, and features extracted from [11C] choline are more stable than those extracted from the [18F]-FDG contrast agent. Yang et al. (48) evaluated the reproducibility of features extracted from PET-MRI and found that a voxel size of 0.5 × 0.5 × 1.0 mm3 in PET, T2, and diffusion-weighted imaging data and a larger bin size allow the acquisition of stable characteristics. Although these studies focused on the definition and mode of feature generation, Lv et al. (49) analyzed the robustness of feature matrix parameters and found that poor absolute-scale robustness retained good diagnostic performance (Table 1).





5 Future

Artificial intelligence technologies and radiomics will be applied in the diagnosis and treatment of NPC in the field of target delineation, dose evaluation, plan design, outcome prediction, to realize the individualized clinical adaptive precision radiotherapy. However, there is still a significant gap between research and clinical application, which requires relevant modeling to not only meet or even exceed the industry gold standard but also solve some medical ethical problems (20). At present, many studies on radiomics are focused on NPC. However, radiomics may be extended to diseases other than tumors in the future and provide a reference for the majority of patients by establishing databases and other measures. In addition, radiomics can reduce medical costs and makes full use of medical image data to reduce injuries caused by invasive punctures; relevant models can solve problems of treatment and prognosis to save on medical costs and realize individualized treatment.



6 Conclusion

Multimodal imaging combined with radiomics offers new opportunities and methods for studying the diagnosis, treatment, and prognosis of NPC. The combination of radiomics and machine learning assists in the diagnosis and treatment of NPC. However, machine learning in radiomics is primarily applied to model selection. Although radiomics has numerous unique advantages, it also carries significant challenges, such as the need for big datasets for tumor model development, data sharing between different medical institutions, and various imaging protocols. Considerable progress is still needed to apply radiomics models to clinical practice. Future developments of radiomics require further forward-looking research and applications to promote individualized and intelligent treatment.



Author Contributions

Y-MZ designed the study and wrote this paper. G-ZG, H-ML, Q-TQ, Y-WH, and YY conceived the study and revised the paper. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the National Science Foundation of Shandong Province (ZR2020MH227) and the Guangxi Key Research and Development Plan (AB17195005).



Acknowledgments

We would like to thank journal experts for editing the language of the manuscript.



References

1. Llorente, JL, López, F, Suárez, C, and Hermsen, MA. Sinonasal Carcinoma: Clinical, Pathological, Genetic and Therapeutic Advances. Nat Rev Clin Oncol (2014) 11(8):460–72. doi: 10.1038/nrclinonc.2014.97

2. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2021) 71:209–49. doi: 10.3322/caac.21660

3. Chen, YP, Chan, ATC, Le, QT, Blanchard, P, Sun, Y, and Ma, J. Nasopharyngeal Carcinoma. Lancet (2019) 394(10192):64–80. doi: 10.1016/S0140-6736(19)30956-0

4. Chung, NN, Ting, LL, Hsu, WC, Lui, LT, and Wang, PM. Impact of Magnetic Resonance Imaging Versus CT on Nasopharyngeal Carcinoma: Primary Tumor Target Delineation for Radiotherapy. Head Neck (2004) 26(3):241–6. doi: 10.1002/hed.10378

5. Rumboldt, Z, Gordon, L, Gordon, L, Bonsall, R, and Ackermann, S. Imaging in Head and Neck Cancer. Curr Treat Options Oncol (2006) 7(1):23–34. doi: 10.1007/s11864-006-0029-2

6. Nayak, U, Prasad, RS, and Sekhar, S. Clinical Radiology of Head and Neck Tumors. Singapore: Springer Press (2018).


7. Huang, SH, Chien, CY, Lin, WC, Fang, FM, Wang, PW, Lui, CC, et al. A Comparative Study of Fused FDG PET/MRI, PET/CT, MRI, and CT Imaging for Assessing Surrounding Tissue Invasion of Advanced Buccal Squamous Cell Carcinoma. Clin Nucl Med (2011) 36(7):518–25. doi: 10.1097/RLU.0b013e318217566f

8. Abdel Khalek Abdel Razek, A, and King, A. MRI and CT of Nasopharyngeal Carcinoma. AJR Am J Roentgenol (2012) 198(1):11–8. doi: 10.2214/AJR.11.6954

9. Li, CH, Wu, VW, and Chiu, G. A Dosimetric Evaluation on Applying RTOG-Based and CT/MRI-Based Delineation Methods to Brachial Plexus in Radiotherapy of Nasopharyngeal Carcinoma Treated With Helical Tomotherapy. Br J Radiol (2019) 92(1102):20170881. doi: 10.1259/bjr.20170881

10. Manavis, J, Sivridis, L, and Koukourakis, MI. Nasopharyngeal Carcinoma: The Impact of CT-Scan and of MRI on Staging, Radiotherapy Treatment Planning, and Outcome of the Disease. Clin Imaging (2005) 29(2):128–33. doi: 10.1016/j.clinimag.2004.04.004

11. Bogowicz, M, Vuong, D, Huellner, MW, Pavic, M, Andratschke, N, Gabrys, HS, et al. CT Radiomics and PET Radiomics: Ready for Clinical Implementation? Q J Nucl Med Mol Imaging (2019) 63(4):355–70. doi: 10.23736/S1824-4785.19.03192-3

12. Xu, Y, Zheng, ZS, Gao, Y, Duan, SY, Chen, C, Rong, J, et al. High Expression of IMPDH2 Is Associated With Aggressive Features and Poor Prognosis of Primary Nasopharyngeal Carcinoma. Sci Rep (2017) 7(1):745. doi: 10.1038/s41598-017-00887-1

13. Avanzo, M, Stancanello, J, Pirrone, G, and Sartor, G. Radiomics and Deep Learning in Lung Cancer. Strahlenther Onkol (2020) 196(10):879–87. doi: 10.1007/s00066-020-01625-9

14. Sah, BR, Owczarczyk, K, Siddique, M, Cook, GJR, and Goh, V. Radiomics in Esophageal and Gastric Cancer. Abdom Radiol (2019) 44(6):2048–58. doi: 10.1007/s00261-018-1724-8

15. Valdora, F, Houssami, N, Rossi, F, Calabrese, M, and Tagliafico, AS. Rapid Review: Radiomics and Breast Cancer. Breast Cancer Res Treat (2018) 169(2):217–29. doi: 10.1007/s10549-018-4675-4

16. Sun, Y, Reynolds, HM, Parameswaran, B, Wraith, D, Finnegan, ME, Williams, S, et al. Multiparametric MRI and Radiomics in Prostate Cancer: A Review. Australas Phys Eng Sci Med (2019) 42(1):3–25. doi: 10.1007/s13246-019-00730-z

17. Yan, D, Chen, S, Krauss, DJ, Chen, PY, Chinnaiyan, P, and Wilson, GD. Tumor Voxel Dose-Response Matrix and Dose Prescription Function Derived Using 18f-FDG PET/CT Images for Adaptive Dose Painting by Number. Int J Radiat Oncol Biol Phys (2019) 104(1):207–18. doi: 10.1016/j.ijrobp.2019.01.077

18. 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

19. Lambin, P, Rios-Velazquez, E, Leijenaar, R, Carvalho, S, van Stiphout, RG, Granton, P, et al. Radiomics: Extracting More Information From Medical Images Using Advanced Feature Analysis. Eur J Cancer (2012) 48(4):441–6. doi: 10.1016/j.ejca.2011.11.036

20. Avanzo, M, Stancanello, J, and El Naqa, I. Beyond Imaging: The Promise of Radiomics. Phys Med (2017) 38:122–39. doi: 10.1016/j.ejmp.2017.05.071

21. Mayerhoefer, ME, Materka, A, Langs, G, Häggström, I, Szczypiński, P, Gibbs, P, et al. Introduction to Radiomics. J Nucl Med (2020) 61(4):488–95. doi: 10.2967/jnumed.118.222893

22. Parmar, C, Barry, JD, Hosny, A, Quackenbush, J, and Aerts, HJWL. Data Analysis Strategies in Medical Imaging. Clin Cancer Res (2018) 1:24(15):3492–9. doi: 10.1158/1078-0432.CCR-18-0385

23. Pfister, DG, Spencer, S, Adelstein, D, Adkins, D, Anzai, Y, Brizel, DM, et al. Head and Neck Cancers, NCCN Clinical Practice Guidelines in Oncology. J Natl Compr Canc Netw (2020) 18(7):873–98. doi: 10.6004/jnccn.2020.0031

24. Zhuo, EH, Zhang, WJ, Li, HJ, Zhang, GY, Jing, BZ, Zhou, J, et al. Radiomics on Multi-Modalities MR Sequences Can Subtype Patients With Non-Metastatic Nasopharyngeal Carcinoma (NPC) Into Distinct Survival Subgroups. Eur Radiol (2019) 29(10):5590–9. doi: 10.1007/s00330-019-06075-1

25. Chan, SC, Yeh, CH, Yen, TC, Ng, SH, Chang, JT, Lin, CY, et al. Clinical Utility of Simultaneous Whole-Body 18F-FDG PET/MRI as a Single-Step Imaging Modality in the Staging of Primary Nasopharyngeal Carcinoma. Eur J Nucl Med Mol Imaging (2018) 45(8):1297–308. doi: 10.1007/s00259-018-3986-3

26. Feng, Q, Liang, JT, Wang, LY, Niu, JL, Ge, XH, Pang, PP, et al. Radiomics Analysis and Correlation With Metabolic Parameters in Nasopharyngeal Carcinoma Based on PET/MR Imaging. Front Oncol (2020) 10:1619. doi: 10.3389/fonc.2020.01619

27. Akram, F, Koh, PE, Wang, F, Zhou, S, Tan, SH, Paknezhad, M, et al. Exploring MRI Based Radiomics Analysis of Intratumoral Spatial Heterogeneity in Locally Advanced Nasopharyngeal Carcinoma Treated With Intensity Modulated Radiotherapy. PloS One (2020) 15(10):e0240043. doi: 10.1371/journal.pone.0240043

28. Zhong, X, Li, L, Jiang, HL, Yin, JX, Lu, BG, Han, W, et al. Cervical Spine Osteoradionecrosis or Bone Metastasis After Radiotherapy for Nasopharyngeal Carcinoma? The MRI-Based Radiomics for Characterization. BMC Med Imaging (2020) 20(1):104. doi: 10.1186/s12880-020-00502-2

29. Du, DY, Feng, H, Lv, WB, Ashrafinia, S, Yuan, QY, Wang, QS, et al. Machine Learning Methods for Optimal Radiomics-Based Differentiation Between Recurrence and Inflammation: Application to Nasopharyngeal Carcinoma Post-Therapy PET/CT Images. Mol Imaging Biol (2020) 22(3):730–8. doi: 10.1007/s11307-019-01411-9

30. Yu, TT, Lam, SK, To, LH, Tse, KY, Cheng, NY, Fan, YN, et al. Pretreatment Prediction of Adaptive Radiation Therapy Eligibility Using MRI-Based Radiomics for Advanced Nasopharyngeal Carcinoma Patients. Front Oncol (2019) 9:1050. doi: 10.3389/fonc.2019.01050

31. Zhao, L, Gong, J, Xi, YB, Xu, M, Li, C, Kang, XW, et al. MRI-Based Radiomics Nomogram May Predict the Response to Induction Chemotherapy and Survival in Locally Advanced Nasopharyngeal Carcinoma. Eur Radiol (2020) 30(1):537–46. doi: 10.1007/s00330-019-06211-x

32. Piao, YF, Jiang, C, Wang, L, Yan, FQ, Ye, ZM, Fu, ZF, et al. The Usefulness of Pretreatment MR-Based Radiomics on Early Response of Neoadjuvant Chemotherapy in Patients With Locally Advanced Nasopharyngeal Carcinoma. Oncol Res (2021) 28(6):605–13. doi: 10.3727/096504020X16022401878096

33. Ouyang, FS, Guo, BL, Zhang, B, Dong, YH, Zhang, L, Mo, XK, et al. Exploration and Validation of Radiomics Signature as an Independent Prognostic Biomarker in Stage III-IVb Nasopharyngeal Carcinoma. Oncotarget (2017) 8(43):74869–79. doi: 10.18632/oncotarget.20423

34. Shen, HS, Wang, Y, Liu, DH, Lv, RF, Huang, YY, Peng, C, et al. Predicting Progression-Free Survival Using MRI-Based Radiomics for Patients With Nonmetastatic Nasopharyngeal Carcinoma. Front Oncol (2020) 10:618. doi: 10.3389/fonc.2020.00618

35. Ming, X, Oei, RW, Zhai, RP, Kong, FF, Du, CR, Hu, CS, et al. MRI-Based Radiomics Signature Is a Quantitative Prognostic Biomarker for Nasopharyngeal Carcinoma. Sci Rep (2019) 9(1):10412. doi: 10.1038/s41598-019-46985-0

36. Yang, KX, Tian, JF, Zhang, B, Li, M, Xie, WJ, Zou, YT, et al. A Multidimensional Nomogram Combining Overall Stage, Dose Volume Histogram Parameters and Radiomics to Predict Progression-Free Survival in Patients With Locoregionally Advanced Nasopharyngeal Carcinoma. Oral Oncol (2019) 98:85–91. doi: 10.1016/j.oraloncology

37. Lv, WB, Yuan, QY, Wang, QS, Ma, JH, Feng, QJ, Chen, WF, et al. Radiomics Analysis of PET and CT Components of PET/CT Imaging Integrated With Clinical Parameters: Application to Prognosis for Nasopharyngeal Carcinoma. Mol Imaging Biol (2019) 21(5):954–64. doi: 10.1007/s11307-018-01304-3

38. Xu, H, Lv, WB, Feng, H, Du, DY, Yuan, QY, Wang, QS, et al. Subregional Radiomics Analysis of PET/CT Imaging With Intratumor Partitioning: Application to Prognosis for Nasopharyngeal Carcinoma. Mol Imaging Biol (2020) 22(5):1414–26. doi: 10.1007/s11307-019-01439-x

39. Zhang, L, Dong, D, Li, HL, Tian, J, Ouyang, F, Mo, XK, et al. Development and Validation of a Magnetic Resonance Imaging-Based Model for the Prediction of Distant Metastasis Before Initial Treatment of Nasopharyngeal Carcinoma: A Retrospective Cohort Study. EBioMedicine (2019) 40:327–35. doi: 10.1016/j.ebiom.2019.01.013

40. Zhang, L, Zhou, HY, Gu, DS, Tian, J, Zhang, B, Dong, D, et al. Radiomic Nomogram: Pretreatment Evaluation of Local Recurrence in Nasopharyngeal Carcinoma Based on MR Imaging. J Cancer (2019) 10(18):4217–25. doi: 10.7150/jca.33345

41. Raghavan Nair, JK, Vallières, M, Mascarella, MA, El Sabbagh, N, Duchatellier, CF, Zeitouni, A, et al. Magnetic Resonance Imaging Texture Analysis Predicts Recurrence in Patients With Nasopharyngeal Carcinoma. Can Assoc Radiol J (2019) 70(4):394–402. doi: 10.1016/j.carj.2019.06.009

42. Zhang, B, He, X, Ouyang, F, Gu, D, Dong, YH, Zhang, L, et al. Radiomic Machine-Learning Classifiers for Prognostic Biomarkers of Advanced Nasopharyngeal Carcinoma. Cancer Lett (2017) 403:21–7. doi: 10.1016/j.canlet.2017.06.004

43. Li, SS, Wang, KC, Hou, Z, Yang, J, Ren, W, Gao, SB, et al. Use of Radiomics Combined With Machine Learning Method in the Recurrence Patterns After Intensity-Modulated Radiotherapy for Nasopharyngeal Carcinoma: A Preliminary Study. Front Oncol (2018) 8:648. doi: 10.3389/fonc.2018.00648

44. Liu, YX, Shi, HY, Huang, SJ, Chen, XC, Zhou, HM, Chang, H, et al. Early Prediction of Acute Xerostomia During Radiation Therapy for Nasopharyngeal Cancer Based on Delta Radiomics From CT Images. Quant Imaging Med Surg (2019) 9(7):1288–302. doi: 10.21037/qims.2019.07.08

45. Zhang, B, Lian, ZY, Zhong, LM, Zhang, X, Dong, YH, Chen, QY, et al. Machine-Learning Based MRI Radiomics Models for Early Detection of Radiation-Induced Brain Injury in Nasopharyngeal Carcinoma. BMC Cancer (2020) 20(1):502. doi: 10.1186/s12885-020-06957-4

46. Liang, ZG, Tan, HQ, Zhang, F, Rui Tan, LK, Lin, L, Lenkowicz, J, et al. Comparison of Radiomics Tools for Image Analyses and Clinical Prediction in Nasopharyngeal Carcinoma. Br J Radiol (2019) 92(1102):20190271. doi: 10.1259/bjr.20190271

47. Lu, LJ, Lv, WB, Jiang, J, Ma, JH, Feng, QJ, Rahmim, A, et al. Robustness of Radiomic Features in [11C]Choline and [18F]FDG PET/CT Imaging of Nasopharyngeal Carcinoma: Impact of Segmentation and Discretization. Mol Imaging Biol (2016) 18(6):935–45. doi: 10.1007/s11307-016-0973-6

48. Yang, PF, Xu, L, Cao, ZZ, Wan, YD, Xue, Y, Jiang, YK, et al. Extracting and Selecting Robust Radiomic Features From PET/MR Images in Nasopharyngeal Carcinoma. Mol Imaging Biol (2020) 22(6):1581–91. doi: 10.1007/s11307-020-01507-7

49. Lv, WB, Yuan, QY, Wang, QS, Ma, JH, Jiang, J, Yang, W, et al. Robustness Versus Disease Differentiation When Varying Parameter Settings in Radiomics Features: Application to Nasopharyngeal PET/Ct. Eur Radiol (2018) 28(8):3245–54. doi: 10.1007/s00330-018-5343-0




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


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

Copyright © 2022 Zhang, Gong, Qiu, Han, Lu and Yin. 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.


OEBPS/Images/fonc-11-767134-g001.jpg





OEBPS/Images/logo.jpg
’ frontiers
in Oncology





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Radiomics for Diagnosis and Radiotherapy of Nasopharyngeal Carcinoma

      

        		

          1 Introduction

        



        		

          2 Radiomics

        



        		

          3 Radiomics Signature

        



        		

          4 Application of Radiomics for the Diagnosis and Treatment of NPC

        

          		

            4.1 Diagnosis

          

            		

              4.1.1 Diagnosis

            



            		

              4.1.2 Differential Diagnosis

            



          



          



          		

            4.2 Treatment

          

            		

              4.2.1 Treatment Response Prediction

            



            		

              4.2.2 Prognosis Prediction

            



            		

              4.2.3 Prediction of Side Effects

            



            		

              4.2.4 Stability Characteristic Study

            



          



          



        



        



        		

          5 Future

        



        		

          6 Conclusion

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc.2021.767134_cover.jpg
, frontiers
in Oncology

Radiomics for Diagnosis and
Radiotherapy of Nasopharyngeal
Carcinoma





OEBPS/Images/table1.jpg
Purpose Authors  Imaging Application Method/model Results
Diagnosis  Diagnosis Zhuetal. MR staging support vector machine  C-index : training&validation group : 0.82780.814
(24) classifier (based on model), 0.81580.803(based on T),
0.84280.756(based on TNM)
Fengetal. PET- staging logistic regression AUC: training group:0.84(PET),0.85(T2-weighted);
(26) MRI models validation group:0.82(PET),0.83(T2-weighted)
Differential Zhong MRI cervical spine osteoradionecrosis  nomogram model AUC: training group : 0.725 ; validation group:0.720
diagnosis et al. (28) and bone metastasis
Du et al. PET-CT  recurrence and inflammation 7 types of machine optimal combination of feature selection and machine
(29) learning classifiers learning methods
Treatment
Treatment Yuetal. MR pretreatment prediction of logistic regression model - AUC: training group: 0.962(CET1-w), 0.895(T2-
response (30) adaptive radiation weighted),0.984(joint T1-T2); validation group:0.852
prediction (CET1-w), 0.750(T2-weighted),0.930(oint T1-T2)
Zhao etal. MRI predict the response to induction  support vector machine, ~C-index : training&validation group:0.95280.863
31) chemotherapy and survival radiomics nomogram (radiomics signature with clinical data),0.708&0.549
(clinical nomogram alone)
Piaoeta. MRI early response of neoadjuvant Cox regression model AUC: 0.905(combined), 0.804
(32) chemotherapy (ClusterShade_angle135_offset 4), 0.762
(Correlation_AlDirection_offshel_SD)
Prognosis
prediction
Ouyang MRI radiomics signature as a multivariate Cox Hazard ratio (HR): 5.14(discovery set), 7.28(validation
etal. (33) prognostic biomarker proportional hazards set)
model
Shenetal. MRI predicting progression-free Cox model Model 5 incorporating radiomics, overall stage, and
(34) survival (PFS) EBV DNA yielded the highest C-index for predicting
PFS (training cohorts: 0.805, validation cohorts:
0.874)
Ming etal. MRI disease free-survival (DFS), overall  Cox regression model C-index : validation group: 0.751(DFS), 0.845(0S),
(35) survival (OS), distant metastasis- 0, 643(DMFS)
free survival (DMFS)
Yang etal. MRI PFS Nomogram C-index: validation group: 0.811(including three
(36) factors),0.613(just TNM)
Lvetal PET-CT PFS Cox regression model C-index: validation group: 0.67-0.73
@7
Xu et al. PET-CT PFS Cox’s proportional C-index: 0.69(S3), 0.58(whole tumor)
(38) hazard model
Zhang MRI distant metastasis logistic regression model AUC: training&validation groups: 0.82780.792
et al. (39)
Zhang MRI local recurrence Cox proportional hazard ~ C-index: validation groups: 0.74(radiomic features
et al. (40) model, nomogram and multiple clinical variables)
Raghavan  MRI recurrence multivariate logistic local recurrence model: 0.82(AUC), 0.73(sensitivity),
etal. (41) regression model, Cox  and 0.74(specificity);distant metastasis model: 0.92
proportional model (AUC), 0.79(sensitivity), and 0.84(specificity)
Zhang MRI optimal machine-learning methods machine-learning optimal combination random forest + random forest
etal. (42) for the radiomics-based prediction methods AUC:0.8464 + 0.0069
of local failure and distant failure
Lietal MRI recurrence patterns machine-learning NPCs with in-field recurrences (NPC-IFR) and NPCs
(43) methods,support vector  with non-progression disease (NPC-NPD) could be
machine (SVM) models  differentiated (AUCs: 0.727-0.835).
Prediction of  Liu et al. CT prediction of Acute Xerostomia support vector accuracy: 0.9220, sensitivity: 100%
side effects (44) regression
Zhang MRI radiation-Induced Brain Injury Random forest method ~ AUC: validation groups: 0.830 (model1), 0.773
et al. (45) (model2), and 0.716(model3)
Stability Liang MRI Moddicom (v. 0.51),Pyradiomics  Spearman’s rank Selection of stable features of the disease is key.
characteristic et al. (46) (v.2.1.2) correlation
study
Luetal PET-CT  different contrast agents ICC features extracted from [11C] choline are more stable
47) than those extracted from the [18F]-FDG contrast
agent.
Yang etal. PET- robust radiomic features intraclass correlation voxel size: 0.5 x 0.5 x 1.0 mm3; normalized grey
(48) MRI coefficient (ICC) and level:64 and 128
spearman correlation
coefficient
Lvetal PET-CT robustness ICC poor absolute-scale robustness still has good
(49) diagnostic performance.






