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Objective

To develop and validate a simple-to-use prognostic scoring model based on clinical and pathological features which can predict overall survival (OS) of patients with oral squamous cell carcinoma (OSCC) and facilitate personalized treatment planning.



Materials and Methods

OSCC patients (n = 404) from a public hospital were divided into a training cohort (n = 282) and an internal validation cohort (n = 122). A total of 12 clinical and pathological features were included in Kaplan–Meier analysis to identify the factors associated with OS. Multivariable Cox proportional hazards regression analysis was performed to further identify important variables and establish prognostic models. Nomogram was generated to predict the individual’s 1-, 3- and 5-year OS rates. The performance of the prognostic scoring model was compared with that of the pathological one and the AJCC TNM staging system by the receiver operating characteristic curve (ROC), concordance index (C-index), calibration curve, and decision curve analysis (DCA). Patients were classified into high- and low-risk groups according to the risk scores of the nomogram. The nomogram-illustrated model was independently tested in an external validation cohort of 95 patients.



Results

Four significant variables (physical examination-tumor size, imaging examination-tumor size, pathological nodal involvement stage, and histologic grade) were included into the nomogram-illustrated model (clinical–pathological model). The area under the ROC curve (AUC) of the clinical–pathological model was 0.687, 0.719, and 0.722 for 1-, 3- and 5-year survival, respectively, which was superior to that of the pathological model (AUC = 0.649, 0.707, 0.717, respectively) and AJCC TNM staging system (AUC = 0.628, 0.668, 0.677, respectively). The clinical–pathological model exhibited improved discriminative power compared with pathological model and AJCC TNM staging system (C-index = 0.755, 0.702, 0.642, respectively) in the external validation cohort. The calibration curves and DCA also displayed excellent predictive performances.



Conclusion

This clinical and pathological feature based prognostic scoring model showed better predictive ability compared with the pathological one, which would be a useful tool of personalized accurate risk stratification and precision therapy planning for OSCC patients.
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Introduction

Prognostic prediction models are widely utilized both in clinic and research to estimate the probability that a certain outcome will occur within a specific time period in an individual (1). A reliable prognostic model is essential in individual risk quantification and stratification, which is fundamental in personalized treatment plan development. Furthermore, it can also help to provide a basis for health economic assessment of cost-effectiveness (2).

Recent global estimates have revealed 377,713 new cases and 177,757 deaths of oral cancer in 2020 (3). Oral squamous cell carcinoma (OSCC) is the most common oral cancer, accounting for more than 90% of all oral cancers (4). Although surgical resection remains the primary treatment at present, more and more therapeutic options such as radiotherapy, chemotherapy and immunotherapy have emerged. Advances in treatments improved the quality of life and life expectancy of patients. However, the 5-year overall survival rate of OSCC patients was still less than 60% (5). Therefore, how to assess the prognostic risk and choose the most suitable treatment for individuals is challenging for clinicians (6).

The most commonly and widely used prognostic model for oral cancer is based on the American Joint Committee on Cancer (AJCC) tumor, lymph node, and metastases (TNM) staging system (7). However, the pathological TNM stage does not allow a comprehensive assessment for the prognosis prediction of patients. Many other risk factors, including age, smoking status, primary site, and clinical examination results, should be considered for individualized prognosis (8). A growing number of tumor molecular biomarker models have been highlighted for their potential predictive abilities (9). But more and more studies demonstrate that due to the methodological heterogeneity, biomarker testing lacks sufficient accuracy, which is difficult to define specific biomarkers for OSCC prognosis prediction (10, 11).

In this study, we aimed to develop a prognostic scoring model using the widely available physical and imaging data, as well as the pathological data to predict 1-, 3- and 5-year OS in OSCC patients after surgery. The model would help the clinician to customize adjuvant treatment program in addition to surgical resection. We combined the most relevant prognosticators into nomogram, which could help clinicians to define the risk profile of individual patient intuitively and effectively. Furthermore, the model was validated in an external patient cohort. This model will not only contribute to provide a more accurate OSCC prognosis, but also help to facilitate personalized treatment planning.



Materials and Methods


Patient Selection

In this multicenter retrospective study, we firstly collected 4,089 OSCC patients from the Head and Neck Surgery Department of the Sun Yat-sen University Cancer Center (SYSUCC, Guangdong, China). The inclusion criteria of patients were as follows: (1) received pretreatment clinical assessment including tumor size and nodal involvement of physical and imaging examinations, (2) received curative-intent surgical resection, (3) received postoperative pathological confirmation, (4) follow-up time greater than 6 months. The patients were excluded according to the following criteria: (1) patients experienced distant metastasis at the time of diagnosis, (2) patients with previous history of OSCC, (3) subgroup with small sample size. After applying the criteria, 404 patients from SYSUCC between 2000 and 2016 were enrolled in this study and randomly split into the training cohort (n = 282) and internal validation cohort (n = 122) with 7/3 split ratio.

OSCC patients satisfying the aforementioned inclusion and exclusion criteria were also obtained from the Hospital of Stomatology of the Sun Yat-sen University between 2013 and 2018 (Guangdong, China). In total, 95 patients were designated as the external validation cohort. The screening process are shown in Figure 1. All research procedures were approved by the Ethics Committee of the Sun Yat-sen University Cancer Center and Hospital of Stomatology of the Sun Yat-sen University. Informed consents for data collection and analysis were obtained from patients.




Figure 1 | Flow chart of screening process and experimental procedure. OSCC, oral squamous cell carcinoma; ROC, receiver operating characteristic curve; C-index, concordance index; DCA, decision curve analysis.





Variable Enrollment

A total of 12 key variables were categorized into three data types for each OSCC case. Social demographic data included gender, age, radiotherapy history for head and neck cancer, and smoking history. Clinical data included primary site, physical examination-tumor size (PE-T), imaging examination-tumor size (IE-T), physical examination-nodal involvement (PE-N), and imaging examination-nodal involvement (IE-N). Imaging examination only included CT and MRI in our study. Pathological data included pathological tumor stage (P-T), pathological nodal involvement stage (P-N), and histologic grade. All the data were summarized in Table 1. The clinical and pathological TN stage were classified according to the 7th edition of the AJCC staging system for oral cancer. The endpoint of this study was overall survival (OS), which referred to the time interval from surgery to death or the last follow-up (12). The survival time of patients who were still alive at the last date of follow-up was given as censored data.


Table 1 | Characteristics description in the training and validation cohorts.





Statistical Analysis

Kaplan–Meier analysis was used to estimate OS and detect intersections between the variables. The independent prognostic factors affecting OS were identified by univariate and multivariate Cox regression analyses. The qualified prognostic factors with significant differences in the univariate analysis were incorporated into the multivariate analysis. Stepwise regression was adopted to remove the non-significant factors, which ensured each variable in the resulting independent variable subset was significant to the dependent variable and the remaining variables were not multicollinear. The results were shown as hazard ratios (HR) with 95% confidence interval (CI). Then, an integrated nomogram was established to predict 1-, 3-, 5-year OS based on multivariate Cox proportional hazards regression model. Finally, the clinical–pathological model was validated internally and externally according to the TRIPOD statement (13).

The performances of the prognostic model were evaluated by various methods, involving the time-dependent receiver operating characteristic (ROC) curve and the value of the area under the ROC curve (AUC), Harrell’s concordance index (C-index), calibration curve, and decision curve analysis (DCA). ROC was used to assess the sensitivity and specificity of the model. C-index was determined to evaluate the model’s discriminative power between the predicted model and actual chance of experiencing the events (14). 1,000 bootstrap resamples were used to obtain the intervals of the C-index. The purpose of the calibration curve is to evaluate the agreement between the predictive values and observation values in the probabilities of 3- and 5-year survival of individuals. DCA was used to determine the net benefit of using the prognostic model at various threshold probabilities, which would be helpful to evaluate the actual needs for clinical decision-making (15). The total risk points of each patient were calculated according to the established nomogram. An optimal cut-off point was determined by the R package “maxstat” in the training cohort to classify patients as high-risk and low-risk groups.

All analyses were conducted using Python version 3.7.1 and R version 4.0.0 (R Foundation for Statistical Computing, Vienna, Austria). All statistical tests were two-sided with statistical significance defined as a p < 0.05. The Kolmogorov–Smirnov test was used to compare the distribution in the training and validation cohorts between different subgroups. Kaplan–Meier analysis was performed, and log-rank tests were used to determine the significance of the survival differences. In addition, Hosmer–Lemeshow tests were applied to evaluate the goodness-of-fit of the calibration curve, p > 0.05 represented good calibration (16).




Results


Patient Characteristics

The demographic and clinicopathologic characteristics of the training and validation cohorts are summarized in Table 1. Of the 282 individuals in the training cohort, 68.09% of the patients were male, and patients over 60 years accounted for 35.82%. Only minority of patients (3.9%) had a radiotherapy history for head and neck cancer, and about half of patients (46.81%) had a smoking history. The 95 individuals in the external validation cohort were slightly younger with a lower prevalence of smoking. The median period of follow-up of the training cohort was shorter than that of the external validation cohort (25.6 vs. 42 months). The tongue was the most common primary tumor site in both the training and validation cohorts (50.35, 58.2, 66.31%, respectively). There was no statistically significant difference in the distribution of the features between the training and internal validation cohorts (p > 0.05), while the distribution of the primary tumor site, PE-T, and IE-N between the training and external validation cohorts was significantly different (p < 0.05) (Table 1).



Screening Independent Prognostic Factors

Kaplan–Meier analysis showed that smoking history, primary site, PE-T, IE-T, PE-N, IE-N, P-T, P-N, and histologic grade were significantly associated with OS (all p < 0.05), while gender, age, and radiotherapy history displayed non-significance (p > 0.05) (Figure 2). All the available characteristics were included in the univariate analysis. There were statistically significant survival differences in the characteristics of primary tumor site, PE-T, IE-T, PE-N, IE-N, P-T, P-N, histologic grade in the univariate analysis (Table 2). These significant variables in the Kaplan–Meier curves and the univariate analysis were included in the multivariate analysis to further screen out significant factors. In the multivariable stepwise regression analysis, PE-T (HR = 3.811; 95% CI, 1.210–12.004; p = 0.022), IE-T (HR = 4.135; 95% CI, 1.343–12.736; p = 0.013), P-N (HR = 1.834; 95% CI, 1.241–2.710; p = 0.002), and histologic grade (HR, 1.649; 95% CI, 1.083–2.511; p = 0.02) were significantly associated with OS in the training cohort (Table 2). Meanwhile, P-T, P-N, and histologic grade were significantly related to the outcome in the pathological model (p < 0.05, Supplementary Table S1).




Figure 2 | Kaplan–Meier survival curves of overall survival in the SYSUCC cohort. (A) gender, (B) age, (C) radiotherapy history, (D) smoking history, (E) primary site, (F) PE-T, (G) IE-T, (H) PE-N, (I) IE-N, (J) P-T, (K) P-N, (L) histologic grade. Survival curves were compared by the log-rank test, and p <0.05 was considered as statistically significant. PE-T, physical examination-tumor size; IE-T, imaging examination-tumor size; PE-N, physical examination-nodal involvement; IE-N, imaging examination-nodal involvement; P-T, pathological tumor stage; P-N, pathological nodal involvement stage; T, tumor; N, lymph node.




Table 2 | Univariate and multivariate Cox analysis for the clinical-pathological model.





Development of the Prognostic Model and Nomogram

Based on the results of the multivariable Cox regression model, four independent variables were incorporated to develop a more accurate nomogram for optimizing personalized prognostic assessment and predicting 1-, 3- and 5-year OS (Figure 3). Higher score was associated with a poor prognosis. The nomogram of the pathological model was shown in Supplementary Figure S1.




Figure 3 | Nomogram based on the clinical-pathological model for the prediction of 1-, 3- and 5-year OS. PE-T, physical examination-tumor size; IE-T, imaging examination-tumor size; P-N, pathological nodal involvement stage; OS, overall survival.





Performance and Validation of the Prognostic Model

The predictive accuracy between the clinical-pathological model and the pathological model has been compared. In the training cohort, the 1-, 3-, and 5-year AUC values of the clinical–pathological model for OS prediction were 0.687, 0.719, 0.722 (Figure 4A), which were superior to those of the pathological one (0.649, 0.707, 0.717, respectively) and AJCC TNM staging system (0.628, 0.668, 0.677, respectively), demonstrating excellent sensitivity and specificity for the clinical–pathological model (Supplementary Figures S2A, S3A). Similarly, the 1-, 3-, and 5-year AUCs in the internal validation cohort (0.775, 0.662, 0.687, respectively; Figure 4B) and external validation cohort (0.918, 0.741, 0.787, respectively; Figure 4C) of the clinical–pathological model also showed better discriminative ability compared with the pathological one and the AJCC TNM staging system (Supplementary Figures S2B, C, S3B, C).




Figure 4 | Performance of the clinical-pathological model. ROC curve (A–C), calibration curves for 1-year OS (D–F), calibration curves for 3-year OS (G–I), calibration curves for 5-year OS (J–L), and decision curve analysis (M–O) for the training (A, D, G, J), internal validation (B, E, H, K, M–O) and external validation cohorts (C, F, I, L). AUC, area under the curve; OS, overall survival.



The C-indices of the clinical–pathological model displayed better predictive performance than that of the pathological model in the training (0.664; 95% CI, 0.615–0.711 vs. 0.638; 95% CI, 0.592–0.683), internal validation (0.679; 95% CI, 0.609–0.75 vs. 0.655; 95% CI, 0.578–0.726) and external validation cohorts (0.755; 95% CI, 0.644–0.853 vs. 0.702; 95% CI, 0.621–0.778) (Table 3). The clinical–pathological model exhibited superior discriminative power for OS prediction compared with the pathological model and the AJCC TNM staging system.


Table 3 | The C-indices for prediction of overall survival.



The calibration curves of 1-, 3- and 5-year OS and non-significant Hosmer–Lemeshow test demonstrated a good agreement between the prediction and observation values (p > 0.05) in the training (Figures 4D, G, J) and validation cohorts (Figures 4E, F, H, I, K, L), indicating that there was no deviation from the perfect fit. The calibration curves of pathological model were shown in Supplementary Figures S2D–L.

DCA analysis was conducted to evaluate the clinical value of our model. In the validation cohort, for predicted threshold probability between 30 and 70%, both the clinical–pathological and pathological models showed a positive net benefit for 3- and 5-year OS. Furthermore, the clinical–pathological model had a better net benefit for decision-making with the threshold probability within 30 and 50% illustrated by DCA (Figures 4N, O). Collectively, the threshold probabilities of the clinical–pathological model had better net benefits for predicting the 1-, 3- and 5-year OS in OSCC patients compared with the pathological one and the AJCC TNM staging system (Figures 4M–O).



Risk Stratification Based on the Nomogram

Based on the individualized risk points of the nomogram, patients were divided into low-risk and high-risk groups in the training, internal, and external validation cohorts (Figures 5A–C). The optimal cut-off value was 79.08 for the clinical–pathological nomogram, and the Kaplan–Meier curves revealed that the high-risk group (total points > 79.08) was significantly correlated with a poor prognosis. The optimal point effectively distinguished populations of low-risk and high-risk, demonstrating a good prognostic classification for OSCC patients.




Figure 5 | Kaplan–Meier survival curves of overall survival based on risk score of the clinical–pathological nomogram in the training (A), internal validation (B) and external validation cohorts (C).






Discussion

Reliable prognostic factors are indispensable for properly stratifying the risk of the individual patient and avoid unnecessary overtreatment as well as unjustified toxicity. Clinical prognostic judgement of OSCC mainly focuses on the most classical AJCC TNM staging system (17–19). Besides the traditional pathological criterion, the multiple biomarkers detection such as protein-coding genes, messenger RNAs, and non-coding RNAs in body fluids (such as saliva and serum) and tumor tissues have gained much attention in prognosis prediction (20–23). However, traditional pathological TNM staging system only considered the anatomical extent of the disease without considering the nonanatomic factors, which can’t fully reflect the accurate prognosis (24). A variety of clinicopathological parameters like age, gender, as well as clinical and pathological features of the tumor were also associated with the prognosis of OSCC patients (8, 25, 26). The single characteristic is usually insufficient to predict individual survival, while a combination can provide better prognostic reliability (27). Due to the lack of exact independent predictable biomarker, current biomarker testing was limited in the practical application (28).

Current treatment strategies for OSCC vary from radical surgery and radiotherapy to chemotherapy and molecular targeted therapy (29). Therapeutic effectiveness, health care costs, and personal affordability all will have influence on treatment process (30). From the perspective of patients and clinicians, the prognosis judgement would be of great importance in postoperative risk stratification and personalizing selection of adjuvant treatment for OSCC patients who underwent surgical resection (31). To develop a simple-to-use prediction model, we combined the clinical variables with the pathological TN stage, taking the individual differences in clinical examination into account. The illustrated-nomogram model finally suggested that integrating the preoperative data of physical and imaging examination with pathological data may be a comprehensive, economical and convenient method for clinicians to predict the prognosis of OSCC patients.

Nomograms have been frequently used for cancer prognosis prediction via a simple visualization modality. In our study, a visualized nomogram encompassed clinical and pathological risk factors that were easy to obtain and routinely collected was developed. Through the intuitive nomogram, the interrelation between variables and outcome was demonstrated and the probability of outcome events could be easily calculated by clinicians. Each subtype within these covariates was assigned a point on the point scale. Adding the points together of each variable was able to calculate a total point. The clinician would get the prediction probability of 1-, 3- and 5-year OS by locating the total point on the bottom scales. In our model, individualized score for each patient was calculated according to the nomogram, and the patients were successfully divided into low- and high-risk groups. The two groups showed significantly different prognosis. For high-risk patients, the traditional surgical resection cannot achieve satisfactory outcome, so alternative adjuvant treatment could be considered for the postoperative therapeutic scheme.

In the clinical–pathological model, the four variables including IE-T, PE-T, P-N, and histologic grade were significantly related to the outcome. Data of tumor size in physical examination were acquired by clinicians. Due to the specific location of oral cancer, clinicians could directly observe and measure the extent of the tumor, which ensured the relative accuracy and repeatability of our data (32). As an indispensable tool for clinical decision, physical examination still plays a significant role in the prognostic risk assessment in our study.

Tumor size in imaging examination also played a crucial part in our prognostic model. As a vital part of precision medicine, imaging examination has been proven its utility in identifying the multi-dimensional shape and location characteristics of a tumor (33). In 2017, tumor depth of invasion (DOI) was introduced into the 8th edition AJCC staging system. The AJCC 8th manual suggested that DOI could be reliably defined by the preoperative imaging (34). Weimar et al. successfully used the measurements of tumor thickness as a modifier for T stage in 8th AJCC based on the preoperative imaging examination such as computed tomography (CT) and magnetic resonance imaging (MRI) (35). At present, radiomics have been proven in identifying the shape and location characteristics of the tumor (36). However, radiomics require professional quantitative extraction of high-dimensional mineable data from all types of medical images, which mainly relies on professional radiologist for analysis (37). For most clinical surgeons, it’s difficult to complete the complex radiomics analysis and make a prognosis judgement. Therefore, in our research, we only used the simple tumor size and nodal involvement stage obtained by imaging examination. Especially, the tumor size incorporated into the nomogram was analyzed as a continuous variable, which is convenient for clinicians to operate.

Although the background characteristics were different between independent hospitals, our nomogram-illustrated model still showed strong predictive ability in the external validation cohort, indicating our model could be widely applied to predict OS. Remarkably, early postoperative adjuvant therapy may be appropriate for patients considered at high risk for OS, such as those with high nomogram points. However, in the current analysis, the imaging examination data mainly included CT and MRI data. To gain further evidence and confirmation, large-scale prospective study and more up-to-date data from different equipment are needed to validate the generalization.



Conclusion

Collectively, a new nomogram-illustrated model was developed and validated for the OSCC patients without distant metastases from retrospective data. The tumor size of physical and imaging examination, pathological nodal involvement stage, and histologic grade were significantly associated with OS. Our clinical–pathological model was accessible and practical, which showed improved discriminatory ability relative to the pathological model. The clinical–pathological model might act as an effective method to improve the individualized prognostic evaluation through patient-specific characteristics, which may help to optimize postoperative therapeutic strategies.
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Supplementary Figure 1 | Nomogram based on the pathological model for the prediction of 1-, 3- and 5-year OS. P-T, pathological tumor stage; P-N, pathological nodal involvement stage; OS, overall survival.

Supplementary Figure 2 | Performance of the pathological model. ROC curve (A–C), calibration curves for 1-year OS (D–F), calibration curves for 3-year OS (G–I), and calibration curves for 5-year OS (J–L) for the training (A, D, G, J), internal validation (B, E, H, K) and external validation cohorts (C, F, I, L).

Supplementary Figure 3 | The ROC curves based on the AJCC TNM staging system for the prediction of 1-, 3- and 5-year OS in the training (A), internal validation (B), and external validation cohorts (C).



References

1. Toll, DB, Janssen, KJ, Vergouwe, Y, and Moons, KG. Validation, Updating and Impact of Clinical Prediction Rules: A Review. J Clin Epidemiol (2008) 61:1085–94. doi: 10.1016/j.jclinepi.2008.04.008

2. Moons, KG, Royston, P, Vergouwe, Y, Grobbee, DE, and Altman, DG. Prognosis and Prognostic Research: What, Why, and How? BMJ (2009) 338:b375. doi: 10.1136/bmj.b375

3. 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). doi: 10.3322/caac.21660

4. Chi, AC, Day, TA, and Neville, BW. Oral Cavity and Oropharyngeal Squamous Cell Carcinoma–an Update. CA Cancer J Clin (2015) 65:401–21. doi: 10.3322/caac.21293

5. Bosetti, C, Carioli, G, Santucci, C, Bertuccio, P, Gallus, S, Garavello, W, et al. Global Trends in Oral and Pharyngeal Cancer Incidence and Mortality. Int J Cancer (2020) 147:1040–9. doi: 10.1002/ijc.32871

6. Chinn, SB, and Myers, JN. Oral Cavity Carcinoma: Current Management, Controversies, and Future Directions. J Clin Oncol (2015) 33:3269–76. doi: 10.1200/JCO.2015.61.2929

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) 67:93–9. doi: 10.3322/caac.21388

8. Ferreira, AK, Carvalho, SH, Granville-Garcia, AF, Sarmento, DJ, Agripino, GG, Abreu, MH, et al. Survival and Prognostic Factors in Patients With Oral Squamous Cell Carcinoma. Med Oral Patol Oral Cir Bucal (2020) 24242. doi: 10.4317/medoral.24242

9. Sasahira, T, and Kirita, T. Hallmarks of Cancer-Related Newly Prognostic Factors of Oral Squamous Cell Carcinoma. Int J Mol Sci (2018) 19:2413. doi: 10.3390/ijms19082413

10. Cervino, G, Fiorillo, L, Herford, AS, Romeo, U, Bianchi, A, Crimi, S, et al. Molecular Biomarkers Related to Oral Carcinoma: Clinical Trial Outcome Evaluation in a Literature Review. Dis Markers (2019) 2019:8040361. doi: 10.1155/2019/8040361

11. Ballman, KV. Biomarker: Predictive or Prognostic? J Clin Oncol (2015) 33:3968–71. doi: 10.1200/JCO.2015.63.3651

12. Touil, H, Briki, S, Karray, F, and Bahri, I. Malignant Peripheral Nerve Sheath Tumor of the Superficial Cervical Plexus With Parotid Extension. Eur Ann Otorhinolaryngol Head Neck Dis (2015) 132:93–5. doi: 10.1016/j.anorl.2013.11.012

13. Moons, KG, Altman, DG, Reitsma, JB, Ioannidis, JP, Macaskill, P, Steyerberg, EW, et al. Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD): Explanation and Elaboration. Ann Intern Med (2015) 162:W1–73. doi: 10.7326/M14-0698

14. Liang, CJ, and Heagerty, PJ. A Risk-Based Measure of Time-Varying Prognostic Discrimination for Survival Models. Biometrics (2017) 73:725–34. doi: 10.1111/biom.12628

15. Vickers, AJ, Cronin, AM, Elkin, EB, and Gonen, M. Extensions to Decision Curve Analysis, a Novel Method for Evaluating Diagnostic Tests, Prediction Models and Molecular Markers. BMC Med Inform Decis Mak (2008) 8:53. doi: 10.1186/1472-6947-8-53

16. Steyerberg, EW, Vickers, AJ, Cook, NR, Gerds, T, Gonen, M, Obuchowski, N, et al. Assessing the Performance of Prediction Models: A Framework for Traditional and Novel Measures. Epidemiology (2010) 21:128–38. doi: 10.1097/EDE.0b013e3181c30fb2

17. Moeckelmann, N, Ebrahimi, A, Tou, YK, Gupta, R, Low, TH, Ashford, B, et al. Prognostic Implications of the 8th Edition American Joint Committee on Cancer (AJCC) Staging System in Oral Cavity Squamous Cell Carcinoma. Oral Oncol (2018) 85:82–6. doi: 10.1016/j.oraloncology.2018.08.013

18. Lee, NCJ, Eskander, A, Park, HS, Mehra, S, Burtness, BA, and Husain, Z. Pathologic Staging Changes in Oral Cavity Squamous Cell Carcinoma: Stage Migration and Implications for Adjuvant Treatment. Cancer (2019) 125:2975–83. doi: 10.1002/cncr.32161

19. Almangush, A, Pirinen, M, Youssef, O, Makitie, AA, and Leivo, I. Risk Stratification in Oral Squamous Cell Carcinoma Using Staging of the Eighth American Joint Committee on Cancer: Systematic Review and Meta-Analysis. Head Neck (2020) 42:3002–17. doi: 10.1002/hed.26344

20. Chang, SW, Abdul-Kareem, S, Merican, AF, and Zain, RB. Oral Cancer Prognosis Based on Clinicopathologic and Genomic Markers Using a Hybrid of Feature Selection and Machine Learning Methods. BMC Bioinf (2013) 14:170. doi: 10.1186/1471-2105-14-170

21. Zhang, L, Meng, X, Zhu, XW, Yang, DC, Chen, R, Jiang, Y, et al. Long non-Coding RNAs in Oral Squamous Cell Carcinoma: Biologic Function, Mechanisms and Clinical Implications. Mol Cancer (2019) 18:102. doi: 10.1186/s12943-019-1021-3

22. Rivera, C, Oliveira, AK, Costa, RAP, De Rossi, T, and Paes Leme, AF. Prognostic Biomarkers in Oral Squamous Cell Carcinoma: A Systematic Review. Oral Oncol (2017) 72:38–47. doi: 10.1016/j.oraloncology.2017.07.003

23. Lu, Z, Liang, J, He, Q, Wan, Q, Hou, J, Lian, K, et al. The Serum Biomarker Chemerin Promotes Tumorigenesis and Metastasis in Oral Squamous Cell Carcinoma. Clin Sci (Lond) (2019) 133:681–95. doi: 10.1042/CS20181023

24. De Paz, D, Kao, HK, Huang, Y, and Chang, KP. Prognostic Stratification of Patients With Advanced Oral Cavity Squamous Cell Carcinoma. Curr Oncol Rep (2017) 19:65. doi: 10.1007/s11912-017-0624-3

25. Tagliabue, M, Belloni, P, De Berardinis, R, Gandini, S, Chu, F, Zorzi, S, et al. A Systematic Review and Meta-Analysis of the Prognostic Role of Age in Oral Tongue Cancer. Cancer Med (2021) 10:2566–78. doi: 10.1002/cam4.3795

26. Oh, LJ, Asher, R, Veness, M, Smee, R, Goldstein, D, Gopalakrishna Iyer, N, et al. Effect of Age and Gender in non-Smokers With Oral Squamous Cell Carcinoma: Multi-institutional Study. Oral Oncol (2021) 116:105210. doi: 10.1016/j.oraloncology.2021.105210

27. Kademani, D. Oral Cancer. Mayo Clin Proc (2007) 82:878–87. doi: 10.4065/82.7.878

28. Kang, H, Kiess, A, and Chung, CH. Emerging Biomarkers in Head and Neck Cancer in the Era of Genomics. Nat Rev Clin Oncol (2015) 12:11–26. doi: 10.1038/nrclinonc.2014.192

29. Marur, S, and Forastiere, AA. Head and Neck Squamous Cell Carcinoma: Update on Epidemiology, Diagnosis, and Treatment. Mayo Clin Proc (2016) 91:386–96. doi: 10.1016/j.mayocp.2015.12.017

30. Siegel, R, Ma, J, Zou, Z, and Jemal, A. Cancer Statistics, 2014. CA Cancer J Clin (2014) 64:9–29. doi: 10.3322/caac.21208

31. Kim, KY, Zhang, X, Kim, SM, Lee, BD, and Cha, IH. A Combined Prognostic Factor for Improved Risk Stratification of Patients With Oral Cancer. Oral Dis (2017) 23:91–6. doi: 10.1111/odi.12579

32. Huber, MA, and Tantiwongkosi, B. Oral and Oropharyngeal Cancer. Med Clin North Am (2014) 98:1299–321. doi: 10.1016/j.mcna.2014.08.005

33. Kurland, BF, Gerstner, ER, Mountz, JM, Schwartz, LH, Ryan, CW, Graham, MM, et al. Promise and Pitfalls of Quantitative Imaging in Oncology Clinical Trials. Magn Reson Imaging (2012) 30:1301–12. doi: 10.1016/j.mri.2012.06.009

34. Dirven, R, Ebrahimi, A, Moeckelmann, N, Palme, CE, Gupta, R, and Clark, J. Tumor Thickness Versus Depth of Invasion - Analysis of the 8th Edition American Joint Committee on Cancer Staging for Oral Cancer. Oral Oncol (2017) 74:30–3. doi: 10.1016/j.oraloncology.2017.09.007

35. Weimar, EAM, Huang, SH, Lu, L, O’Sullivan, B, Perez-Ordonez, B, Weinreb, I, et al. Radiologic-Pathologic Correlation of Tumor Thickness and Its Prognostic Importance in Squamous Cell Carcinoma of the Oral Cavity: Implications for the Eighth Edition Tumor, Node, Metastasis Classification. AJNR Am J Neuroradiol (2018) 39:1896–902. doi: 10.3174/ajnr.A5782

36. Huang, YQ, Liang, CH, He, L, Tian, J, Liang, CS, Chen, X, et al. Development and Validation of a Radiomics Nomogram for Preoperative Prediction of Lymph Node Metastasis in Colorectal Cancer. J Clin Oncol (2016) 34:2157–64. doi: 10.1200/JCO.2015.65.9128

37. Parmar, C, Grossmann, P, Rietveld, D, Rietbergen, MM, Lambin, P, and Aerts, HJ. Radiomic Machine-Learning Classifiers for Prognostic Biomarkers of Head and Neck Cancer. Front Oncol (2015) 5:272. doi: 10.3389/fonc.2015.00272



Conflict of Interest: Authors FZ, DY, and XL were employed by the company AID Cloud Technology Co., Ltd.

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

Copyright © 2021 Zhou, Li, Cheng, Cao, Zou, Yang, Liu, Song and Wu. 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-11-652553-g002.jpg
Gender b Awe - Radioeherapy history
=i g B
L ool p-o2n
el ey
e i
E Primasy sie F eT
’ I hiem
¢ = =
5ol S -
L% o 04
Sud )
1 5
N s oS [
i (o o

1T e PEN ! BN
. I
%uu jw
L Elo
el e e
R R R
y »r 13 N L Hisologic grade
" K,
1 F}
§ i
Sudls-omn 2o —

03000408 (-t e





OEBPS/Images/fonc-11-652553-g004.jpg





OEBPS/Images/fonc-11-652553-g005.jpg
Trainiag cohort






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Derivation and Validation of a Prognostic Scoring Model Based on Clinical and Pathological Features for Risk Stratification in Oral Squamous Cell Carcinoma Patients: A Retrospective Multicenter Study

      

        		

          Objective

        



        		

          Materials and Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Patient Selection

          



          		

            Variable Enrollment

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Patient Characteristics

          



          		

            Screening Independent Prognostic Factors

          



          		

            Development of the Prognostic Model and Nomogram

          



          		

            Performance and Validation of the Prognostic Model

          



          		

            Risk Stratification Based on the Nomogram

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fonc.2021.652553_cover.jpg
’ frontiers
in Oncology

Derivation and Validation of a
Prognostic Scoring Model Based on
Clinical and Pathological Features for
Risk Stratification in Oral Squamous
Cell Carcinoma Patients: A
Retrospective Multicenter Study





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Characteristics.

Gendir
Age

Racitherapy istory
Smoking history
Ste— tongue

Sto —Foor of mouth
Ste - Gingva

St~ Hard paiate
Sto—Others

PET

eT

PEN

EN

P

PN

Hetologie grade

B T e v e TRAS

Univariate analysis
HR (95% )

0862 (0621-1.195)
1.182 (0.869-1.609)
1,696 (0.624-3.099)
1287 (0954-1.706)
Roforence
1.758 (1.086-2.846)
1.702(1171-2.472)
1.192 (0752-1.890)
0916 (0464-1.607)
1285 (1.170-1.411)
1.301 (1183-1.432)
1.490 (1234-1.800)
1.408 (1:171-1.609)
1389 (11196-1612)
1,548 (1282-1870)
1290 (1043-1.596)

0019

Mltivariate analysis.
HR (95% CI)

3811 (1.210-12.004)
4135 (1.343-12.706)

1,804 (1241-2.710)
1,649 (1083-2511)

00z
o013

oo





OEBPS/Images/table3.jpg
Model Training cohort

Geindox 95% oI
Cinical pathciogcal model 0681 06150711
Painologial model 0633 0502-0683
AJCC TNM staging system 0610 0564-0653

e concordence Indec Cl. condence et

Internal validation cohort

Ceindex 9% a1
0679 0600-0.750
065 05780726
0660 05940720

External validation cohort

Geindox 95wl
0785 06140853
o702 06210778
oss2 05670713





OEBPS/Images/fonc-11-652553-g001.jpg
Patents with OSCC (n = 4089)

e
Tumor sze and nodal involvement availab
Sumica rsccton afer diagnosis
Pathological confirmation

Follow-up time reater than 6 morths

Patents for further anaysis (1 = 429)

Excluded:
Distant metasasis
Previous istory of 0SCC
Smal sumple size

«

Jom resampling with 73 split ratio

Tntermal validator

n=104)

08 analysis

Eligible patents for

Training cohor
o
stabishment of prognostic moels

Assessment of prognostic models

o] (Coi)  (Camimend






OEBPS/Images/fonc-11-652553-g003.jpg
Points
23 ° 1 H 3 . H I 7 13 13
el o 1 4, 3 K 5 . ¥ 3 )
il T

S —

Tom{Polts 0 20 4 € 8 100 120 140 160 180 200 220 240 260
R [ R e
——





OEBPS/Images/logo.jpg
’ frontiers
in Oncology





OEBPS/Images/table1.jpg
Ractotherepy history
Smoking history

prinarytumor site

PeT

€T

PEN

N

2

Hstologe grade

AJGG TNM sage

Folow-up months

N

Wel dferentoted
Modeatey aferenited
Poory dferentiated

'

n

"

19

Median (ange)

“Train cohort
(n=262)

192(68.09%)
0@191%
18164.18%)
101 @5.82%)
2716.1%)
11390%)
150(53.19%)
132 (16.81%)
142(60.35%)
28(0.90%)
582057%)
3 (11.7%)
21 7.45%)
70 24.82%)
138 (48.94%)
74 26.24%)
85(30.14%)
147 (62.13%
50(17.73%)
164 (68.16%)
71 25.18%
47 (1667%)
197 (6986%)
39(13.89%)
46(1631%)
68(24.11%)
115 (@0.78%)
57(2021%)
2(1489%)
17361.35%
65(23.05%)
44(156%)
17863.12%)
76 26.95%)
28(090%)
54019.15%
7225.58%
02837%
62695%
25601171

Intemal validation cohort
(=122

8 7131%
35(2869%)
74(6066%
48(0934%)
118 96.72%)
4@28%)
71682%)
51 @18%)
71 682%)
8(6.56%)
17 1398%
1814.75%
8(6.56%)
23(18.285%)
786396%
21 (1721%)
39(6197%)
69(56.56%)
14(11.48%
70(67.98%
27 (22.13%)
25(2049%)
81 (6639%)
17 (1398%
24(1967%)
28(1885%)
70(57.38%
11902%)
18(14.75%
74(6066%
25(20.49%)
23(18.86%)
66(54.1%)
49(40.16%)
7674%)
17(13.93%)
424.43%)
2022.95%)
3528.60%)
2941299

prvalue

o974

Ly

0459

0867

0204

099

0459

0963

022

External validation cohort
(=05

646737%)
31 @263%)
64737%)
31 (263%)
95 (100%)
o)
57(600%)
38 400%)
636631%)
9p47%)
10(10:53%)
2@.11%
11(11.58%)
24 2526%)
63@6.32%)
8842%)
37 (3895%)
50(52.63%)
8@42%)
60(E.16%)
31 (263%)
4621%)
20 (158%)
57(600%)
8@42%)
18(18.95%)
49(51.50%)
11011.58%)
17(17.89%)
6871.58%)
10(10:53%)
17 (17.89%)
47 (@9.47%)
46 48.42%)
2@.11%
16(16.84%)
0u211%
12(1263%)
272842%)
42 (669

pvaluer

o870

o047

oot

osa

0199

<0001

098

0413

oz

00m

o018

“Compared with 10 aring cohort, PET, physical examinaton-umor siv; E-T, imagng examation-umor s2: PEN, physical aamation-nodel inoberment: JEN, imagng
et BAONERAE I SalkaEOhal e atan FaL: balahiakial dvcil Deikeair dhinn: Aok At iccilatis.





