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Background

This study aimed to establish and verify an effective machine learning (ML) model to predict the prognosis of follicular thyroid cancer (FTC), and compare it with the eighth edition of the American Joint Committee on Cancer (AJCC) model.



Methods

Kaplan-Meier method and Cox regression model were used to analyze the risk factors of cancer-specific survival (CSS). Propensity-score matching (PSM) was used to adjust the confounding factors of different surgeries. Nine different ML algorithms,including eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), Random Forests (RF), Logistic Regression (LR), Adaptive Boosting (AdaBoost), Gaussian Naive Bayes (GaussianNB), K-Nearest Neighbor (KNN), Support Vector Machine (SVM) and Multi-Layer Perceptron (MLP),were used to build prognostic models of FTC.10-fold cross-validation and SHapley Additive exPlanations were used to train and visualize the optimal ML model.The AJCC model was built by multivariate Cox regression and visualized through nomogram. The performance of the XGBoost model and AJCC model was mainly assessed using the area under the receiver operating characteristic (AUROC).



Results

Multivariate Cox regression showed that age, surgical methods, marital status, T classification, N classification and M classification were independent risk factors of CSS. Among different surgeries, the prognosis of one-sided thyroid lobectomy plus isthmectomy (LO plus IO) was the best, followed by total thyroidectomy (hazard ratios: One-sided thyroid LO plus IO, 0.086[95% confidence interval (CI),0.025-0.290], P<0.001; total thyroidectomy (TT), 0.490[95%CI,0.295-0.814], P=0.006). PSM analysis proved that one-sided thyroid LO plus IO, TT, and partial thyroidectomy had no significant differences in long-term prognosis. Our study also revealed that married patients had better prognosis than single, widowed and separated patients (hazard ratios: single, 1.686[95%CI,1.146-2.479], P=0.008; widowed, 1.671[95%CI,1.163-2.402], P=0.006; separated, 4.306[95%CI,2.039-9.093], P<0.001). Among different ML algorithms, the XGBoost model had the best performance, followed by Gaussian NB, RF, LR, MLP, LightGBM, AdaBoost, KNN and SVM. In predicting FTC prognosis, the predictive performance of the XGBoost model was relatively better than the AJCC model (AUROC: 0.886 vs. 0.814).



Conclusion

For high-risk groups, effective surgical methods and well marital status can improve the prognosis of FTC. Compared with the traditional AJCC model, the XGBoost model has relatively better prediction accuracy and clinical usage.
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Introduction

Thyroid carcinoma (TC) is a common endocrine malignant tumor. In recent years, the incidence of TC has been rising sharply worldwide (1, 2). A study from Lim et al. found (3) that between 1974 and 2013, the total incidence of TC in the United States increased by 3% every year. The prognosis of follicular thyroid cancer (FTC) is affected by many factors. However, most current clinical researches focused on papillary thyroid cancer (PTC) and differentiated thyroid cancer (DTC) (4–7), and there is still a lack of large-sample retrospective cohort studies on the prognosis of FTC.

As we all know, surgery is the main method to treat TC, while different surgical methods have different effects on tumor prognosis. On the one hand, there is the possibility of overtreatment. On the other hand, there is the risk of local recurrence caused by conservative surgery. A study by O’Neill etal. (8) revealed that hemithyroidectomy might be the most appropriate treatment for patients with minimally invasive FTC who were younger than 45 years old without vascular invasion. Nixon et al. (9)also confirmed that, for patients with T1T2N0 well differentiated thyroid cancer (WDTC), total thyroidectomy (TT) does not appear to have any benefit in terms of survival compared with patients undergoing thyroid lobectomy. For pT1T2N0 WDTC patients, lobectomy alone is safe and effective (9). On the contrary, a study from Bilimoria et al. (10) indicated that compared with other surgical methods, patients undergoing TT had better survival outcomes and a lower risk of death. However, at present, for the question which surgical method is the best for improving the prognosis of patients, there is still a lack of long-term follow-up study. In recent years, some studies have indicated that sociological factors such as marital status have important impacts on TC (11, 12), but this effect is unclear in patients suffering from FTC only. Other prognostic factors of FTC, such as race, histological type, regional environment, and lymphadenectomy also need to be considered.

With the continuous development of science and technology, artificial intelligence (AI) has been widely used in the medical field. As a branch of AI, machine learning (ML) plays a vital role in disease prevention, screening and diagnosis (13–21). Unfortunately, there is no effective FTC prognostic model based on ML algorithms.The purpose of this study was to review our experience in FTC and assess risk factors for poor prognosis based on initial clinical, sociodemographic and histopathological characteristics. In particular, we aimed to determine whether the FTC patients undergoing only one-sided thyroidlobectomy and isthmectomy (LO plus IO) were sufficient for treatment, explore the relationship between marital status and FTC-specific survival. In the eighth edition of the American Joint Committee on Cancer (AJCC) staging system (22), there are some changes to the TNM staging. However, the role of these new changes in predicting the prognosis of FTC still remains unclear. The ML models were used to predict the prognosis of FTC and compared with the AJCC model. The data for our study came from the database of Surveillance, Epidemiology, and End Results (SEER) and are maintained by the American cancer institute. The SEER database accumulates the survival and prognosis of a large number of rare tumors through long-term follow-up, which provides a valuable opportunity to analyze the prognosis of FTC.



Patients and Methods


Data Sources and Study Population

The data were obtained from the SEER database that is also named “Incidence-SEER 18 Regs Research Data + Hurricane Katrina Impacted Louisiana Cases (1973–2015)”. SEER*Stat 8.3.5 software was used for data acquisition. The information of the SEER database comes from 21 cancer registries and covers more than 28% of cases in the United States (https://seer.cancer.gov/). The subjects of the study were patients who were diagnosed with FTC from 2004 to 2015 in 18 regions of the United States and they were included in the SEER database.It should be noted that the relevant information such as tumor size and degree of capsular invasion was not included in the database until 2004, so the time range of our study was selected from 2004 to 2015. Inclusion criteria: ① There was no restriction on age and gender. ② The histological type was FTC. Exclusion criteria: ① Unknown information/not applicable. ② FTC was not diagnosed as first tumor. ③ FTC was not the main cause of death. The detailed research process was shown in Figure 1. The study was deemed to be exempt from formal review, because it used publicly available and confirmed data and gave up the informed consent that was approved by the relevant institutional review board.




Figure 1 | Flow diagram of study design. The data from 6891 patients diagnosed with primary FTC between 2004 and 2015 were included in the study. The study met the Consolidated Standards of Reporting Trials (CONSORT) diagram detailing the study inclusion criteria. Partial thyroidectomy include one-sided thyroid lobectomy or lesion resection. FTC, Follicular thyroid carcinoma; LO plus IO, Lobectomy plus isthmectomy; S/N TT, Subtotal or near total thyroidectomy; TT, Total thyroidectomy.





Data Selection and Definition

Based on a large amount of literature reading and expert knowledge, the research variables related to the prognosis of FTC were determined. According to the SEER usage guidelines and the Collaborative Stage Data Collection System (CS Manual Online Help: https://web2.facs.org/cstage202/thyroid/Thyroidschema.html), the information in the SEER database was extracted. In this study, a total of eleven variables closely related to FTC prognosis were included. Variables include sex, age at diagnosis, race, marital status, histological type, region, surgical methods, lymphadenectomy, T classification, N classification, and M classification.

The definition and classification criteria of FTC and its subtypes refer to the histology codes from International Classification of Diseases for Oncology, Third Revision (ICD-O-3) published by the World Health Organization (WHO) in 2008. FTC includes common subtype (8330), oxyphilic variant (8290), well differentiated subtype (8331), trabecular variant (8332), and minimally invasive subtype (8335). FTC was divided into two major categories based on the histological characteristics of tumors: Classic subtype (8330, 8331, 8332, 8335) and oxyphilic variant (8290). It should be noted that the fourth edition of the WHO new pathological classification of thyroid tumors in 2017 reclassified Hürthle cell carcinoma (HCC)/oxyphilic variant as an independent disease type. At present, the clinical, pathological and molecular characteristics of HCC and FTC are still controversial, and there is a lack of large-scale tumor prognosis cohort studies. Therefore, in this study, HCC was still used as an independent subtype of FTC for prognostic analysis. According to the treatment methods, surgical methods were divided into five categories: no surgery on the primary site, partial thyroidectomy (lobectomy or lesion resection), one-sided thyroid LO plus IO, subtotal or near total thyroidectomy (S/N TT), and TT. Marital status was classified on the basis of the status at diagnosis but not specified. Marital status was divided into married, widowed, separated, divorced, and single (unmarried) status. Lymph node dissection was divided into three categories: no lymph node dissection, one to three regional lymph nodes dissection, and four or more regional lymph nodes dissection. According to the eighth edition of the AJCC cancer staging guidelines (22), age at diagnosis and TNM staging were classified. The patient’s attribution area was divided into East, Pacific Coast, Northern Plains, and Southwest in the United States based on the region where the patient’s tumor was registered. The races were divided into three categories, namely white, black and other. Other races include American indian, Alaska native, Asian or Pacific islander. The data were removed from the cohort with missing original information and data that were not statistically significant due to the small sample size.The extraction, definition, and classification of the data were completed by two collaborators (Yaqian Mao and Yanling Huang), and the resulting differences were resolved through discussion.



Feature Selection and Model Construction

Univariate and multivariate survival analysis were assessed by Cox proportional-hazards model. The proportional hazards assumption was evaluated by schoenfeld residuals (23). Based on the results of multivariate survival analysis, nine commonly used ML algorithms in the medical were chosen to construct prognostic models for FTC. The end point was the patient’s survival status (ie, survival or death) at the end of the 143-month follow-up. The nine ML classifiers include eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), Random Forests (RF), Logistic Regression (LR), Adaptive Boosting (AdaBoost), Gaussian Naive Bayes (Gaussian NB), K-Nearest Neighbor (KNN), Support Vector Machine (SVM) and Multi-Layer Perceptron (MLP). The SHapley Additive exPlanations (SHAP) method was used to explain the visualization of the model. The goal of SHAP is to explain the prediction of ML by calculating the contribution of each feature to the prediction result, and it is also the most commonly used black box model interpretation method at present (24, 25). The AJCC model was built by the multivariate COX regression analysis, and the R package, named “rms”, “foreign”, “survival” and “survivalROC”, were used to calculate the AUROC value and draw the nomogram and calibration curve.

As an integrated learning algorithm, XGBoost combines the predictions from an ensemble of weak regression trees that are added sequentially to the model to maximize predictive performance and minimize model complexity (26). At the same time, XGBoost adds a complexity control model and learns from RF to reduce the calculation, thus making the model not easy to be over-fitting.As a Gradient Boosted Decision Tree (GBDT) algorithm (27), LightGBM uses a histogram-based algorithm to speed up the training process, reduces memory consumption, and combines advanced network communication to optimize parallel learning that is called the parallel voting decision tree algorithm. RF, an ensemble learning algorithm, is a combination recognition model formed by combining multiple decision trees (28, 29). The accuracy of RF classification is relatively high, it is not easy to be over-fitting, and the anti-noise ability is strong, which is easy to implement, but the amount of calculation is relatively large. NB estimates the conditional probability of each category under each feature by assuming that P (x/yi) obeys Gaussian distribution (ie, normal distribution). The NB classifier is widely used in many classification tasks, because its performance is comparable to state-of-the-art classifiers, and it is simple to implement and fast to execute (30, 31). The advantage of the Gaussian NB model is that it has a stable classification efficiency and a relatively simple algorithm, and performs well on small-scale data. LR is one of the most commonly used binary classification algorithms, and is the gold standard for analyzing binary classification medical data (32, 33), because it can not only provide prediction results, but also provide additional information about the prediction results, such as the odds ratio (OR) of the diagnosis and the 95% confidence interval (CI) (34). AdaBoost is a typical boosting algorithm. Using “reweighting”, that is, in each round of the training process, each training sample is provided a new weight according to the sample distribution. By reducing the classification error of individual learner each time, the importance of good individual learner is increased, and the final integrated learner is obtained (35). MLP is a forward structure of artificial neural network (ANN) that is generalized by perceptron. It integrates the neuron model in the perceptron algorithm and overcomes the weakness of the perceptron to recognize linearly inseparable data, and it has the ability to quickly solve complex problems. The ML approach of MLP-ANN is derived from the basic structure of artificial neurons, and the function of the network depends on the training they receive. This training is based on the presentation of real-world examples and simulates the learning process of a system by determining the differences between the response given by the network and the expected behavior (36, 37). KNN means that in the feature space, if most of the k nearest (ie nearest neighbors in the feature space) samples near a sample belong to a certain category, the sample also belongs to this category (38). The advantages of KNN model are high accurate and insensitive to outliers, and no data input assumptions. SVM, an efficient way to build classifiers, aims to create a decision boundary between two classes, thus making it possible to predict labels from one or more feature vectors (39). Combining multiple parameter values, using the SVM classification algorithm in a nonlinear space enables efficient data classification. Compared with other ML methods, SVM is very powerful in identifying subtle patterns in complex datasets, which can be used for tumor prediction (40), genetic screening (41), and drug applications (42, 43).

Resampling method was used to train and test ML classifiers. Model performance evaluation was mainly conducted through the area under the receiver operating characteristic curve (AUROC), accuracy, sensitivity, specificity, and negative predictive value (NPV). Among them, the classifier with the largest AUROC value was selected as the best model.Then, the optimal model was trained through 10-fold cross-validation,so as to improve its prediction accuracy and applicability. The following packages of Python were used for ML model construction and optimization, including “sklearn.linear model”, “sklearn.ensemble”, “xgboost1.2.1”, “lightgbm 3.2.1”, “sklearn 0.22.1”, “shap 0.39.0”, etc.



Statistical Methods

All statistical analyses in our study were performed using the IBM SPSS software (version 25.0 for windows, SPSS Inc., Chicago, IL, USA), R software (version 3.6.3, https://www.r-project.org/) and Python software (version 3.6.13, https://www.python.org/). In the baseline analysis, categorical variables were represented by counts and proportions, and differences between groups were analyzed using Pearson chi-square tests. In order to reduce the model error caused by the mutual influence between variables, correlation analysis on the data was carried out and showed by heat map. In addition, the variance inflation factor (VIF) was also used to assess the multicollinearity between variables. The relationship between significant variables and cancer-specific survival (CSS) was calculated using the Kaplan-Meier method, and the log-rank test was used to compare distribution differences. CSS was calculated with the cumulative incidence. In order to further adjust the potential bias in our cohort, the propensity score matching (PSM) method was used to match one-sided thyroid LO plus IO with other surgical methods and non-surgical cases. The PSM method is a statistical method for matching the treatment group and the control group, so that the clinical indicators of the research object are comparable to balance variables and reduce bias (44). All statistical analysis adopted two-sided test, and P values less than 0.05 indicated significant.




Results


Baseline Characteristics

A total of 6891 FTC patients were included in this study, including 4930 female patients and 1961 male patients, with a median follow-up time of 64 months (range, 29 to100 months). The baseline characteristics of all FTC patients were shown in Table 1, and the detailed research flowchart was shown in Figure 1.


Table 1 | Demographic characteristics of the participants.





Feature Variable Screening

This study initially included eleven variables based on professional knowledge. Correlation test was performed among all variables, and the correlation heat map showed that there was no significant correlation among them (Figure 2). The VIF of all variables was less than 10, which indicated that there was no multicollinearity among the variables. Figure 3 indicates the proportional hazard hypothesis test of Cox regression. The results revealed that all residual fitting curves of each variable were close to the level, so it was suitable for the Cox model.




Figure 2 | Results of correlation analysis between all variables.






Figure 3 | Proportional hazard assumption test of all variables. Y-axis is the beta values for each variable. X-axis is the observed survival time in month. Red dots are the residuals of beta values of different variables. Black solid line is the fitting curve of all residuals. Dashed lines are the lower and upper limits of the 95% confidence interval of all residuals.





Univariate and Multivariate Cox Regression Analysis

In univariate analysis, compared with patients who did not undergo surgery, patients who received surgery were closely related to CSS improvements (hazard ratios[HRs]: One-sided thyroid LO plus IO, 0.008[95%CI,0.002-0.027]; TT, 0.041[95%CI,0.028-0.059]; partial thyroidectomy, 0.026[95%CI,0.015-0.046]; S/N TT, 0.048[95%CI,0.027-0.086]; P values<0.001 for all comparisons, Table 2). Compared with married patients (living with their spouse), patients who were widowed and separated were closely related to CSS deterioration (HRs: Widowed, 5.601[95%CI,4.070-7.708]; separated, 3.839[95%CI,1.875-7.860]; all P values<0.001, Table 2). The significant variables (P<0.05) in the univariate analysis were incorporated into the multivariate analysis. Finally, a total of six variables were included in the Cox regression model (Table 2). Among different surgeries, the prognosis of one-sided thyroid LO plus IO (HR, 0.086[95%CI,0.025-0.290], P<0.001) was the best, followed by TT (HR, 0.490[95%CI,0.295-0.814], P=0.006). Among different marital status, married patients had better prognosis than patients with single (HR,1.686[95%CI,1.146-2.479], P=0.008),widowed(HR,1.671[95%CI,1.163-2.402], P=0.006), and separated (HR, 4.306[95%CI,2.039-9.093], P<0.001) patients.


Table 2 | Univariate and multivariable analysis of cancer-specific survival in follicular thyroid cancer.





Kaplan-Meier Survival Analysis

The influences of significant prognostic factors on the FTC were shown in the Kaplan-Meier survival plots (Figures 4A–F). In addition, Kaplan-Meier survival analysis was also performed for patients whose lesions were only confined to the unilateral thyroid capsule and without distant metastasis (Figure 5A). The results showed that compared with patients who did not undergo surgery, patients who underwent surgery had a better prognosis. Propensity scores were used to match one-sided thyroid LO plus IO with other different treatments. The effects of different surgical methods after PSM on FTC prognosis were also described using Kaplan-Meier survival plots (Figures 5B–F).The results proved that one-sided LO plus IO, TT, and partial thyroidectomy had no significant differences in long-term prognosis.One-sided thyroid LO plus IO had a relatively better prognosis compared with patients without surgery and those who received S/N TT. The mean survival time and variable settings for each prognostic factor in the Kaplan-Meier curve (Figures 4, 5) were shown in Table 3.




Figure 4 | Kaplan-Meier curves depicting cancer-specific survival of important prognostic factors. (A) The effect of diagnosis age on the prognosis of patients with FTC. (B) The effect of surgical methods on the prognosis of patients with FTC. (C) The effect of marital status on the prognosis of patients with FTC. (D) The effect of T classification on the prognosis of patients with FTC. (E) The effect of N classification on the prognosis of patients with FTC. (F) The effect of M classification on the prognosis of patients with FTC. FTC, Follicular thyroid cancer.






Figure 5 | Kaplan-Meier curves depicting cancer-specific survival of different surgical methods in patients. (A) indicates the Kaplan-Meier analysis results of different surgical methods in patients with lesions confined to unilateral thyroid capsule and without distant metastasis. (B-F) Indicates the Kaplan-Meier analysis results of different surgical methods on tumor prognosis after propensity score matching. The results showed that one-sided LO plus IO, TT, and partial thyroidectomy had no significant difference in long-term prognosis; One-sided thyroid LO+IO had a relatively better prognosis compared with patients without surgery and those who received S/N TT: (B) No surgery cases matched to one-sided thyroid LO plus IO (1:2, P<0.001). (C) TT cases matched to one-sided thyroid LO plus IO (2:1, P=0.4); (D) S/N TT cases matched to one-sided thyroid LO plus IO (1:1, P<0.005); (E) Partial thyroidectomy cases matched to one-sided thyroid LO plus IO (2:1, P=0.17). (F) Partial thyroidectomy cases matched to TT (1:2, P=0.38). FTC, Follicular thyroid carcinoma; LO plus IO, Lobectomy plus isthmectomy; S/N TT, Subtotal or near total thyroidectomy; TT, Total thyroidectomy.




Table 3 | CSS survival time and variable assignment for each significant prognostic factor in Kaplan-Meier analysis results.





Machine Learning Model and AJCC Model

Table 4 and Figures 6A–C display the performance of nine different ML methods. According to the analysis results of the training set and the test set, it was found that the XGBoost model had the best performance. Figures 6D–H shows the ranking of variable importance for the five main ML classifiers. All the five ML models showed that age, surgical methods, marital status, T classification, N classification, and M classification were the most important variables affecting the prognosis of FTC. Figures 7A, B exhibit the ROC curves of the XGBoost model in the training set and the validation set after 10-fold cross-validation. It can be seen from Figure 7C that when the learning curves of the training set and the validation set tend to be the same, the performance of the XGBoost model is the best, and its best AUROC value in the test set is 0.886 (Figure 7D). At this time, the parameter settings of the XGBoost model were: Objective: Reg: Logistic, learning_rate: 0.03, max_depth: 3, min_child_weight: 1, reg_lambda: 1. Figure 7E shows the calibration plot of XGBoost model, and Figure 7F is a SHAP summary of the FTC prognostic model.The higher the SHAP feature value is, the redder the dot color is in the graph, and the lower the SHAP feature value is, the bluer thedot color is in the graph. As shown in the Figure, the larger the value of T classification is, the higher the risk of death in patients of FTC is. A total of four variables were included in the eighth edition of the AJCC cancer staging system, namely age at diagnosis, T classification, N classification, and M classification. The AJCC model was visualized through the nomogram, and the AUROC value of the model was 0.814 (Figure 8).


Table 4 | Comparison prediction performances of different ML models, (Mean ± SD).






Figure 6 | Performance comparison and variable importance ranking of different ML models. (A) shows the ROC curve of nine different ML models in the training set. (B) shows the ROC curve of nine different ML models in the test set. (C) shows the AUROC score forest plot of each model in test set. (D–H) show the variable importance ranking of five main ML classifiers. ROC, Receiver operating characteristic; AUROC, Area under the receiver operating characteristic; ML, Machine learning; FTC, Follicular thyroid carcinoma; XGBoost, eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine; LR, Logistic Regression; RF, Random Forests; AdaBoost, Adaptive Boosting; Gaussian NB, Gaussian Naive Bayes; KNN, K-Nearest Neighbor; SVM, Support Vector Machine; MLP, Multi-Layer Perceptron.






Figure 7 | Algorithm optimization and visualization of XGBoost model. (A–C) show the fitting optimization process of XGBoost model by 10-fold cross-validation in the training set and verification set. (D) shows the AUROC value of XGBoost model in test set. (E) shows the calibration plot of XGBoost model. (F) shows the SHapley Additive exPlanations of XGBoost model. ROC, Receiver operating characteristic; AUROC, Area under the receiver operating characteristic; XGBoost, eXtreme Gradient Boosting. ROC, Receiver operating characteristic; AUROC, Area under the receiver operating characteristic; XGBoost, eXtreme Gradient Boosting.






Figure 8 | AUROC value, calibration plot and visualization of AJCC model. (A) shows the AUROC value of the AJCC model. The y-axis represents the true positive rate of the prognostic prediction, the x-axis represents the false positive rate of the prognostic prediction. The blue solid line represent the predictive performance at 143-month forecast time point. (B) shows the calibration plot of the AJCC model. The y-axis represents actual diagnosed cases of FTC, the x-axis represents the nomogram predicated probability. The blue solid line represents a perfect prediction by an ideal model, the red solid line represents the predictive power of the actual model, with the results indicating that a closer fit to the diagonal blue solid line represents a better prediction. (C) shows the nomogram of the AJCC model. AUROC, Area under the receiver operating characteristic; AJCC, American Joint Committee on Cancer; FTC: Follicular thyroid carcinoma.






Discussion

In this study, it was observed that treatment methods (different surgical methods or active surveillance) and marital status were important prognostic factors related to CSS based on univariate and multivariate Cox regression model. Our results reshaped the traditional view that TT was the standard for treating FTC. The results of multivariate Cox regression were used to construct ML models for FTC patients. The variables in the ML models include age, surgical methods, marital status, T classification, N classification and M classification. As far as we know, this is the first article that uses different ML methods and AJCC cancer staging system to predict the long-term survival of FTC. Our study showed that the XGBoost model appears to have better predictive accuracy than the traditional AJCC cancer staging system.

The analysis of prognostic factors of TC is necessary, especially for FTC patients with relatively high mortality and prone to distant metastases. Unfortunately, due to the lack of clinical data (Because compared with PTC, the prevalence and awareness of FTC is lower) and the low incidence of end-point events, it is difficult to establish prognostic model for CSS of FTC. Secondly, most prediction models or staging systems currently used in clinical practice are for individuals with DTC (including PTC and FTC), medullary cancer and undifferentiated cancer, rather than FTC patients. Thirdly, the predictors of these models mainly include age at diagnosis, tumor size, lymph nodes and distant metastasis, while ignoring other common factors that may affect the prognosis of FTC, such as sociological factors and surgical methods.Therefore, we hold the view that establishing a complete prognostic model for FTC patients has important clinical significance.

As a classic statistical method that is often used to develop clinical prognostic models, Cox regression belongs to regression analysis, which predicts event probability by selecting and using a small number of variables. Most importantly, Cox regression considers the time of the event in its prediction process, and the model performance is better. Meanwhile, it can express the patient’s predictive effect in a simple and easy-to-interpret form (HR), and visualize it in the form of a nomogram. Therefore, Cox regression was used as a method of variable screening and a modeling tool for traditional cancer staging systems. In clinical practice, the current eighth edition AJCC cancer staging system is a widely used and accepted model (22). It is worth noting that in this staging system, FTC is usually studied in combination with PTC (ie, DTC). Therefore, the clinical prognosis model of FTC was constructed based on the eighth edition of the AJCC staging system. With the continuous development of the precision medicine field, people have put forward higher requirements for the accuracy and applicability of various models. Some studies have proved that ML has stronger data processing and knowledge acquisition capabilities compared with traditional statistics. Obviously, this innovative method is an important tool in the field of precision medicine, and helps to choose the best diagnosis and treatment strategy.

In this study, nine different novel ML algorithms were applied to construct the prognostic model of FTC. According to some research, the XGBoost model had better predictive performance than other predictive models, no matter in the training set or the test set. Most importantly, it seems to have better prediction accuracy than the traditional AJCC model. XGBoost is a boosted tree model. The applied algorithm is based on the improvement of GBDT. It can be used to solve classification problems as well as regression problems. In recent years, more and more clinical studies have used the XGBoost algorithm for disease screening, prevention and diagnosis, with positive results. A study from Wu et al. (45) revealed that in determining the clinical prognosis of young hypertensive patients, the XGBoost model was comparable to the Cox regression method and better than the recalibrated Framingham Risk Score model. Hou et al. (46) used XGBoost to develop an ML method to predict the 30-day mortality of sepsis patients. This studies illustrated that the XGBoost model has the best predictive value (AUC,0.857[95%CI,0.839-0.876]) compared with the traditional LR model (AUC,0.819[95%CI, 0.800-0.838]) and simplified acute physiological score II (SAPS II) score prediction model (AUC,0.797[95%CI, 0.781-0.813]). In addition, the research conducted by Zheng et al. (47) also demonstrated that the XGBoost model based on real-world evidence had good predictive performance in predicting the blood concentration of tacrolimus, which could provide guidance for the adjustment of the plan in clinical practice. Five commonly used ML algorithms were used to rank FTC’s risk factors in importance. The research results showed that age, surgical methods, marital status, T classification, N classification and M classification were important variables that affect the prognosis of FTC, which was consistent with the analysis results of multivariate Cox regression. It is worth noting that the risk factors of age, T classification, N classification and M classification have been fully discussed in previous observational studies (48, 49), but the impacts of different surgical methods and sociological factors (marital status) on the prognosis of FTC are still unknown. So, we conducted a detailed analysis on these variables.

Surgery is the main way to treat TC, but the choice of surgical method is still controversial (9, 10, 50). Since FTC is more aggressive than PTC, early treatment is essential to improve the prognosis of FTC patients. Our research confirmed that whether it was univariate or multivariate analysis, surgical methods had high HR values, which suggested that surgeries were important prognostic indicators of FTC. FTC is mostly unilateral lesions, and TT can lead to permanent hypothyroidism or even hypoparathyroidism, which seriously affects the quality of patient’s life. Therefore, some scholars suggested that patients with FTC with a single lesion on one side and no high-risk factors can perform one-sided thyroid LO plus IO (51, 52). Some scholars also argued that as long as the tumor was confined to one lobe, TT should also be performed (51). For this reason, we performed Kaplan-Meier survival analysis for 6000 patients whose lesions were only confined to the unilateral capsule and no distant metastasis. The results revealed that one-sided thyroid LO plus IO was still the best treatment, followed by local surgical excision, TT and S/N TT (Log Rank=18.49, P=0.001). In order to further control the confounding, a PSM analysis was conducted, and the results proved that one-sided thyroid LO plus IO, TT, and local surgical excision had no significant differences in long-term prognosis. It should be noted that the type of initial surgical intervention should consider all risk factors such as tumor size, lymph node metastasis and distant metastasis, which is the primary factor in determining the type of treatment. The subjects included in this study were mainly FTC patients with early non-lymph node and distant metastases. Compared with TT, one-sided thyroid LO plus IO or partial thyroidectomy also can achieve a good prognosis, which is of positive significance for guiding clinical practice.

In recent years, some studies have revealed that marital status is closely related to the prognosis of TC (11, 12, 53) and married TC patients have a significant survival advantage. A study from 126,160 patients with all types of TC showed that widowed or divorced patients were closely related to poor CSS and overall survival (OS) (11). Shi et al. explored 61077 DTC patients and found that widowed patients had a higher tumor mortality in DTC (12). A study from Roche et al. indicated that for MTC patients, being married had a protective effect on treatment and overall 5-year survival, but had no effects on CSS (53). In this study, the impacts of marital status on the prognosis of FTC were evaluated. The results found that married people had a better prognosis than single, widowed, and separated patients. More and more studies have shown that a good marital status plays a positive role in the prognosis of tumors, such as bladder cancer (54), oral cancer (55), colorectal cancer (56, 57), chordoma (58), head and neck cancer (59, 60), renal cell carcinoma (61), and so on. The generally accepted explanation for the lower cancer death rate among married people is related to a better socioeconomic status, which is assumed to buffer the impacts of stressful events (62). It is well known that TC is an endocrine-related disease, and mood changes and mental health are closely related to the prognosis of TC. Therefore, we think that providing effective psychological counseling and social support for unmarried, widowed, and separated patients has positive effects on the improvement of the prognosis.

This study also has the following limitations. Firstly, even if the internal differences in baseline characteristics were adjusted through multivariate Cox regression and PSM, these differences still existed to a large extent. Due to the limitation of follow-up time, the longest predicted time point was 143 months. We know that TC has a good prognosis and a high 10-year survival rate, so in future studies, a longer follow-up period should be included. Secondly, the population of this study was mainly from Western countries. Although it included different races, the number of Asians was small. In future research, model verification should be conducted through external populations. Thirdly, we classified the TNM staging of FTC patients with reference to the eighth edition of the AJCC cancer staging guidelines. Owing to the limitations of the database itself, there may be minor discrepancies in tumor staging, which needs to be further improved in future clinical studies.



Conclusions

In summary, the impacts of different surgical methods and marital status on the long-term prognosis of FTC were described. Our studies have proved that for most patients with non-lymph node and distant metastases, one-sided thyroid LO plus IO has a better long-term prognosis. In addition, active and effective social support and companionship can improve the CSS of FTC patients. The XGBoost model can better communicate the prognosis and ultimately promote patient decision-making based on new risk factors.
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Follicular thyroid carcinoma
(ICD-03: 8290, 8330, 8331, 8332, 8335)
Date: 2004-2015
N=8475

* Unknown information
* FTC was not diagnosed as first

tumor

FTC was diagnosed as first tumor
All information was known
N=7249

* Dead (attributable to causes other

than FTC)
* Dead (data missing/unknown)

Alive or dead due to FTC
N=6891

Marital status

Surgical methods
* Married (N=4292)

* No surgery (N=79)
* Partial thyroidectomy (N=936) * Single (N=1603)
* LO plus 10 (N=448) * Divorced (N=504)
* S/NTT (N=380) * Widowed (N=414)
* TT (N=5048) * Separated (N=78)
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Characteristics Univariate Survival Analysis Multivariable Survival Analysis

Hazard Ratio (95%ClI) P Value Hazard Ratio (95%Cl) P Value
Age (y), No.(%)
<25 1 [Reference] NA 1 [Reference] NA
25-40 1.210 (0.262-5.602) 0.807 1.332 (0.284-6.257) 0.716
40-55 2.870 (0.689-11.946) 0.147 2.878 (0.674-12.294) 0.154
55-70 8.018 (1.969-32.653) 0.004 5.269 (1.248-22.253) 0.024
70-85 27.555 (6.798-111.692) <0.001 14.962 (3.523-63.541) <0.001
>85 94.026 (21.872-404.217) <0.001 32.086 (6.993-147.217) <0.001
Sex, No.(%)
Female 1.637 (1.264-2.121) <0.001 1.241 (0.935-1.647) 0.136
Race, No.(%)
White 1 [Reference] NA
Black 1.150 (0.777-1.701) 0.485
Other* 1.407 (0.946-2.095) 0.092
Marital status, No.(%)
Married 1 [Reference] NA 1 [Reference] NA
Single 1.003 (0.703-1.432) 0.986 1.686 (1.146-2.479) 0.008
Divorced 1.499 (0.933-2.409) 0.095 1.396 (0.860-2.265) 0177
Widowed 5.601 (4.070-7.708) <0.001 1.671 (1.163-2.402) 0.006
Separated 3.839 (1.875-7.860) <0.001 4.306 (2.039-9.093) <0.001
Region, No.(%)
East 1 [Reference] NA
Pacific Coast 1.116 (0.84-1.4708) 0.434
Northern Plains 1.207 (0.765-1.904) 0.419
Southwest 1.172 (0.668-2.054) 0.580
Histology, No.(%)
Classic subtype 1 [Reference] NA 1 [Reference] NA
HCC/Oxyphilic variant 1.461 (1.127-1.895) 0.004 1.136 (0.861-1.499) 0.366
Surgical methods, No.(%)
No surgery 1 [Reference] NA 1 [Reference] NA
Partial thyroidectomy 0.026 (0.015-0.046) <0.001 0.551 (0.280-1.081) 0.083
One-sided thyroid LO plus IO 0.008 (0.002-0.027) <0.001 0.086 (0.025-0.290) <0.001
S/INTT 0.048 (0.027-0.086) <0.001 0.661 (0.331-1.321) 0.241
T 0.041 (0.028-0.059) <0.001 0.490 (0.295-0.814) 0.006
Lymphadenectomy, No.(%)
None 1 [Reference] NA 1 [Reference] NA
1 to 3 regional lymph nodes 1.081 (0.780-1.500) 0.639 1.031 (0.720-1.477) 0.868
4 or more regional lymph nodes 2.673 (1.886-3.788) <0.001 1.366 (0.893-2.090) 0.151
T classification, No.(%)
T 1 [Reference] NA 1 [Reference] NA
T2 1.213 (0.679-2.165) 0.514 1.224 (0.684-2.193) 0.496
T3 4.948 (2.969-8.244) <0.001 3.146 (1.870-5.291) <0.001
T4 54.331 (32.134-91.861) <0.001 10.955 (6.211-19.322) <0.001
N classification, No.(%)
NO 1 [Reference] NA 1 [Reference] NA
Nia 7.716 (4.807-12.384) <0.001 1.670 (0.954-2.924) 0.072
N1b 22,403 (15.937-31.492) <0.001 2.248 (1.476-3.424) <0.001
M classification, No.(%)
MO 1 [Reference] NA 1 [Reference] NA
M1 38.357 (29.599-49.706) <0.001 9.214 (6.669-12.729) <0.001

*Other include American indian/Alaska native, Asian or Pacific islander; Partial thyroidectomy include lobectomy or lesion resection.
HCC, Huirthle cell carcinoma; Cl, Confidence interval: NA, Not applicable; LO plus 10, Lobectomy plus isthmectomy; S/N TT, Subtotal or near total thyroidectomy;: TT, Total thyroidectomy.
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Machine learning models

Training set XGBoost?
LightGBM
LR
RF
AdaBoost
Gaussian NB
KNN
SWM
MLP

Test set XGBoost®
LightGBM
LR
RF
AdaBoost
Gaussian NB
KNN
SWM

MLP

Performance
AUROC Accuracy Sensitivity Specificity NPV
0.905 (0.008) 0915 (0.013) 0.782 (0.021) 0.914 (0.010) 0.991 (0.001)
0.891 (0.009) 0.919 (0.034) 0.812 (0.023) 0.866 (0.027) 0.989 (0.002)
0.891 0.872 0.789 0.871 0.991
(0.007) (0.028) (0.036) (0.031) (0.001)
0.895 0.912 0.800 0.879 0.990
©0.011) 0.026 (0.028) (0.028) (0.002)
0.865 0.946 0.794 0.864 0.986
(0.005) (0.030) (0.030) (0.018) (0.002)
0.892 0.865 0.790 0.867 0.991
(0.006) (0.026) (0.029) (0.027) (0.001)
0.870 0.971 0.793 0.909 0.982
0.015) (0.002) (0.034) (0.027) (0.001)
0.797 0.940 0.567 0.951 0.984
0.014) (0.041) (0.042) (0.043) (0.001)
0.894 0.903 0.765 0.905 0.990
(0.016) (0.024) (0.042) (0.024) (0.001)
0.904 0.906 0.809 0.903 0.991
(0.024) (0.025) (0.069) (0.023) (0.003)
0.887 0.920 0.804 0.883 0.989
(0.033) (0.046) (0.068) (0.043) (0.002)
0.897 0.863 0.833 0.862 0.991
(0.022) (0.036) (0.052) (0.039) (0.003)
0.900 0.908 0.812 0.887 0.990
(0.026) (0.047) (0.083) (0.041) (0.002)
0.863 0.959 0.772 0.889 0.985
(0.038) (0.007) (0.064) (0.046) (0.003)
0.904 0.888 0.830 0.885 0.991
(0.024) (0.029) (0.057) (0.033) (0.003)
0.778 0.965 0.619 0.905 0.978
(0.020) (0.005) (0.047) (0.032) (0.004)
0.740 0.954 0.522 0.970 0.981
(0.043) (0.024) (0.091) (0.029) (0.004)
0.896 0.893 0.797 0.893 0.990
(0.025) (0.044) (0.039) (0.044) (0.003)

@ indlicates that the best performance of the ML classifiers in the training set is XGBoost (ranked mainly according to AUROC value); ® indiicates that the best performance of the ML
classifiers in the test set is XGBoost (ranked mainly according to AUROC and accuracy value).
AUROC, Area under the receiver operating characteristic; NPV, Negative predictive value; XGBoost, eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine; LR, Logistic
Regression; RF, Random Forests; AdaBoost, Adaptive Boosting; Gaussian NB, Gaussian Naive Bayes; KNN, K-Nearest Neighbor; SVM, Support Vector Machine; MLP, Multi-Layer

Perceptron.
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Variable assignment No.(%) Mean survival time of 143-month, 95%CI 10-year CSS, % Log Rank P
Age (y) 506.119 <0.001
0: <25 396 (5.747) 142.20 (141.09-143.30) 99%
1: 25-40 1444 (20.955) 142.08 (141.48-142.68) 99%
2: 40-55 2244 (32.564) 140.79 (140.06-141.53) 97%
3: 55-70 1890 (27.427) 136.99 (136.66-138.31) 93%
4: 70-85 851 (12.349) 123.71 (120.23-127.20) 78%
5: >85 66 (0.958) 79.28 (64.32-94.24) 53%
Surgical methods 718.331 <0.001
0: No surgery 79 (1.146) 65.00 (51.25-78.75) 41%
Partial thyroidectomy 936 (13.583) 139.79 (138.40-141.18) 96%
2: One-sided thyroid LO plus 10 448 (6.501) 141.98 (140.74-143.13) 98%
3:SINTT 380 (5.514) 136.34 (133.71-138.96) 91%
4:TT 5048 (73.255) 138.00 (137.26-138.74) 94%
Marital status 160.665 <0.001
0: Married 4292 (62.284) 139.00 (138.29-139.72) 95%
1: Single 1603 (23.262) 139,03 (137.84-140.28) 96%
2: Divorced 504 (7.314) 137.05 (134.52-139.59) 93%
Widowed 414 (6.008) 120.11 (115.34-124.88) 79%
4: Separated 78 (1.132) 127.33 (117.84-136.82) 84%
T classification 1149.414 <0.001
0: T1 1635 (23.727) 141.47 (140.75-142.19) =
1: T2 2772 (40.226) 141.10 (140.48-141.73) 98%
2: T3 2299 (33.362) 135.51 (134.16-136.86) 97%
3: T4 185 (2.685) 83.07 (73.65-92.48) 91%
N classification 708.276 <0.001
0: NO 6687 (97.040) 138.93 (138.35-139.52) 95%
Nia 110 (1.596) 115.45 (104.69-126.21) 74%
2: N1b 94 (1.364) 78.36 (64.99-91.73) 40%
M classification 2038.850 <0.001
0: MO 6667 (96.749) 139.97 (139.46-140.47) 96%
1: M1 224 (3.251) 66.86 (59.00-74.72) 32%
Surgical methods” 18.490 0.001
0: No surgery 33(0.55) 107.03 (97.69-116.38) -
1: Partial thyroidectomy 838 (13.97) 141.74 (140.82-142.67) 99%
2: One-sided thyroid LO plus IO 409 (6.82) 142.59 (141.79-143.39) 99%
SINTT 331 (6.52) 140.28 (138.79-141.78) 95%
4:TT 4389 (73.15) 141.37 (140.91-141.83) 98%
Surgical method* 68.939 <0.001
O: No surgery 79 (33.33) 65.00 (51.25-78.75) 41%
1: One-sided thyroid LO plus 10 158 (66.67) 134.02 (129.35-138.69) 91%
Surgical method* 0.703 0.402
0:TT 896 (66.67) 142.50 (141.93-143.07) 100%
1: One-sided thyroid LO plus IO 448 (33.33) 141.93 (140.74-143.13) 98%
Surgical method* 7.716 0.005
0: SINTT 380 (50.00) 136.34 (133.71-138.96) 91%
1: One-sided thyroid LO plus IO 380 (50.00) 141.74 (140.34-143.15) 98%
Surgical method* 1916 0.166
0: Partial thyroidectomy 896 (66.67) 140,65 (139.42-141.87) 98%
1: One-sided thyroid LO plus 10 448 (33.33) 141.93 (140.74-143.13) 98%
Surgical method* 0.772 0.380
0: Partial thyroidectomy 936 (33.33) 139.79 (138.40-141.18) 96%
17T 1872 (66.67) 140.49 (139.61-141.36) 97%

*Indlicates the Kaplan-Meier analysis results of different surgical methods in patients with lesions confined to unilateral thyroid capsule and without distant metastasis. “Indicates the Kaplan-
Meier analysis results of different surgical methods on tumor prognosis after propensity score matching method. It should be noted that the classification items of some variables cannot
estimate the 10-year survival rate of CSS due to the insufficient follow-up time and the lack of end-point events, then we use *-" to indicate.
CSS, Cancer-specific survival; LO plus 10, Lobectomy plus isthmectomy; S/N TT, Subtotal or near total thyroidectomy; TT, Total thyroidectomy; AJCC, American Joint Committee

on Cancer.
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Characteristics Total 6891 Survival 6650 Death 241 X2 P -Value

Age (y), No.(%) 379.980 <0.001
<25 396 (6.747) 394 (5.925) 2(0.830)

25-40 1444 (20.955) 1435 (21.579) 9 (3.734)

40-55 2244 (32.564) 2210 (33.233) 34 (14.108)

55~70 1890 (27.427) 1815 (27.293) 75 (31.120)

70~85 851 (12.349) 749 (11.263) 102 (42.324)

>85 66 (0.958) 47 (0.707) 19 (7.884)

Sex, No.(%) 13.644 <0.001
Female 4930 (71.543) 4783 (71.925) 147 (60.996)

Male 1961 (28.457) 1867 (28.075) 94 (39.004)

Race, No.(%) 2.406 0.300
White 5488 (79.640) 5304 (79.759) 184 (76.349)

Black 786 (11.406) 757 (11.383) 29 (12.033)

Other* 617 (8.954) 589 (8.857) 28 (11.618)

Marital status, No.(%) 146.498 <0.001
Married 4292 (62.284) 4176 (62.797) 116 (48.133)

Single 1603 (23.262) 1562 (23.489) 41 (17.012)

Divorced 504 (7.314) 484 (7.278) 20 (8.299)

Widowed 414 (6.008) 358 (5.383) 56 (23.237)

Separated 78 (1.182) 70 (1.053) 8(3.320)

Region, No.(%) 0.928 0.819
East 2863 (41.547) 2769 (41.639) 94 (39.004)

Pacific Coast 3076 (44.638) 2966 (44.602) 110 (45.643)

Northern Plains 575 (8.344) 552 (8.301) 23 (9.544)

Southwest 377 (6.471) 363 (5.459) 14 (5.809)

Histology, No.(%) 10.652 0.001
Classic subtype 4905 (71.180) 4756 (71.519) 149 (61.826)

HCC/Oxyphilic variant 1986 (28.820) 1894 (28.481) 92 (38.174)

Surgical methods, No.(%) 383.321 <0.001
No surgery 79 (1.146) 45 (0.677) 34 (14.108)

Partial thyroidectomy 936 (13.583) 916 (13.774) 20 (8.299)

One-sided thyroid LO plus 10 448 (6.501) 445 (6.692) 3 (1.245)

SINTT 380 (5.514) 363 (5.459) 17 (7.054)

T 5048 (73.255) 4881 (73.398) 167 (69.295)

Lymphadenectomy, No.(%) 24.013 <0.001
None 4871 (70.686) 4717 (70.932) 154 (63.900)

1 to 3 regional lymph nodes 1460 (21.187) 1413 (21.248) 47 (19.502)

4 or more regional lymph nodes 560 (8.127) 520 (7.820) 40 (16.598)

T classification, No.(%) 901.804 <0.001
T1 1635 (23.727) 1618 (24.331) 17 (7.054)

T2 2772 (40.226) 2737 (41.158) 35 (14.523)

T3 2299 (33.362) 2188 (32.902) 111 (46.058)

T4 185 (2.685) 107 (1.609) 78 (32.365)

N classification, No.(%) 522.532 <0.001
NO 6687 (97.040) 6506 (97.835) 181 (75.104)

Nia 110 (1.596) 91 (1.368) 19 (7.884)

N1b 94 (1.364) 53 (0.797) 41 (17.012)

M classification, No.(%) 1344.483 <0.001
MO 6667 (96.749) 6533 (98.241) 134 (55.602)

M1 224 (3.251) 117 (1.759) 107 (44.398)

AJCC 8th Edition, No.(%) 1680.481 <0.001
| 5585 (81.048) 5531 (83.173) 54 (22.407)

1 1035 (15.020) 974 (14.647) 61 (25.311)

i 44 (0.639) 33 (0.496) 11 (4.564)

IVa 45 (0.653) 23 (0.346) 22 (9.129)

Vb 182 (2.641) 89 (1.338) 93 (38.589)

*Other include American indian/Alaska native, Asian or Pacific islander; Partial thyroidectomy include lobectomy or lesion resection.
HCC, Huirthle cell carcinoma; LO plus IO, Lobectomy plus isthmectomy; S/N TT, Subtotal or near total thyroidectomy; TT, Total thyroidectomy; AJCC, American Joint Committee on
Cancer.





