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Objective: In order to provide reference for clinicians and bring convenience to clinical work, we seeked to develop and validate a risk prediction model for lymph node metastasis (LNM) of Ewing’s sarcoma (ES) based on machine learning (ML) algorithms.

Methods: Clinicopathological data of 923 ES patients from the Surveillance, Epidemiology, and End Results (SEER) database and 51 ES patients from multi-center external validation set were retrospectively collected. We applied ML algorithms to establish a risk prediction model. Model performance was checked using 10-fold cross-validation in the training set and receiver operating characteristic (ROC) curve analysis in external validation set. After determining the best model, a web-based calculator was made to promote the clinical application.

Results: LNM was confirmed or unable to evaluate in 13.86% (135 out of 974) ES patients. In multivariate logistic regression, race, T stage, M stage and lung metastases were independent predictors for LNM in ES. Six prediction models were established using random forest (RF), naive Bayes classifier (NBC), decision tree (DT), xgboost (XGB), gradient boosting machine (GBM), logistic regression (LR). In 10-fold cross-validation, the average area under curve (AUC) ranked from 0.705 to 0.764. In ROC curve analysis, AUC ranged from 0.612 to 0.727. The performance of the RF model ranked best. Accordingly, a web-based calculator was developed (https://share.streamlit.io/liuwencai2/es_lnm/main/es_lnm.py).

Conclusion: With the help of clinicopathological data, clinicians can better identify LNM in ES patients. Risk prediction models established in this study performed well, especially the RF model.
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INTRODUCTION

Ewing’s sarcoma (ES) can be identified in bone and soft tissue (1). The main symptom of ES is local pain with or without paresthesia. Highly aggressive small round blue cell malignant neoplasm is a pathological feature of ES (2). 80% of ES patients are under the age of 20, with a male to female ratio of 1.5:1 (3). ES accounted for 3% of malignant tumors in children, which is the second most common malignant bone tumor in children (4).

ES has metastatic potentiality. It is a highly anaplastic, round cell tumor, primarily arising in the intramedullary portion of bone, poor prognosis and metastases are not uncommon. It is well established when imaging patients with primary bone malignancy that on occasions computed tomography (CT) scanning can offer unique information for the occurrence of metastasis. EWS-FLI1, a fusion protein identified in ES, played a key role in many transcription and translation processes, and may affect the initiation and progression of tumors (3). MMR pathway may be be associated with the proliferation, invasion and migration of ES tumor cells (2). There are some reports suggesting that the incidence of LNM in ES is higher than that in osteosarcoma and chondrosarcoma (5). Lungs are the most commonly involved part of the body (6).

Once ES has metastasized, the prognosis is poor. The location of ES is a very important factor in the prognosis. Even if the same tumor grows in different locations, the prognosis can vary greatly. In the past, multi-drug combination chemotherapy with surgery and radiotherapy increased its 5-year survival rate to 65–75% in a limited period of time. However, the 5-year survival rate in the metastatic period was usually less than 30% (3, 7, 8). The ability to accurately and non-invasively assess the risk of tumor metastasis has significant implications for treatment planning, post-operative follow-up and rehabilitation, precision medicine, and long-term public health policy (9–12).

LNM in ES is relatively uncommon. In addition to tumor stage, tumor size, primary location, age and treatment, regional lymph node involvement is a new independent adverse prognostic factor for ES (13). LNM can also contribute to risk stratification. The 5-year survival rate of ES decreased from 60.3 to 45.9% once LNM exist (5).

Predicting models of tumor LNM have been established in thyroid papillary carcinoma, bladder urothelial carcinoma and early esophageal squamous cell carcinoma (14–16). To our knowledge, there are no predicting models for LNM in ES. SEER database covers almost 30% population of the United States and is an major resource for the study of ES (17). Machine learning and medical big data have become a key step in the leap from evidence-based medicine to precision medicine, and there has been research, research, and research on a variety of diseases (18–21). More and more scholars are discovering the value of artificial intelligence and big data in medicine (12, 22, 23). Based on the data of ES in the SEER database, a model for predicting LNM was established by using the ML method and verified internally and externally.



MATERIALS AND METHODS


Patients Population

By recruiting patients diagnosed with ES from 2010 to 2016 in the SEER database as a training set. Patients diagnosed with ES from 2010 to 2018 from the Second Affiliated Hospital of Jilin University, the Second Affiliated Hospital of Dalian Medical University, Liuzhou People’s Hospital, and Xianyang Central Hospital were included as the validation set. The inclusion criteria were listed as follows: (1) patients confirmed as primary ES with pathologically evidence; (2) ES patients with ICD-O-3/WHO 2008 morphology code 60; (3) clinicopathological information and survival time is complete. The exclusion criteria were listed as follows: (1) patients with other kinds of the primary tumor and unknown metastasis; (2) patients without available information such as clinicopathological and survival time. Given that the study was retrospective and the data came from an open database, informed consent was not used.



Data Collection

Index such as race, age, sex, primary site, laterality, T stage, M stage, surgery, radiation, chemotherapy, bone metastases, lung metastases and survival time were collected both in the training set and validation set. In the training set, data were extracted using SEER * STAT (8.3.5) software. In the validation set, data were obtained and processed by two investigators independently. If there were any objections, the third investigator would participate in judgment. Microsoft spreadsheet (Microsoft spreadsheet, 2013, Redmond, United States) was utilized to check the consistency of all data.



Statistical Methods

Continuous parameters following normal distribution were described by mean SD. Categorical parameters were presented as numerical values and proportions. Chi-square tests, Fisher’s exact tests, t-tests and logistic regression analysis were performed using R software (version 4.0.5). The difference was statistically significant when P < 0.05 with bilateral test. ML algorithms and web application were performed with the help of Python.

Demographic characteristics of the training set from SEER database and the validation set from multi-center were compared to identify the difference. We also divided the total study population into two sets based on the presence or absence of LNM and compared baseline information. To identify risk factors for LNM in patients with ES, we conducted univariate and multivariate logistic regression. Factors with P < 0.05 in the univariate logistic regression analysis were determined as variables for model establishment. RF, NBC, DT, XGB, GBM, and LR were performed in the training set to develop a prediction model. Analysis of relative importance ranking of each input variable was performed in each model. We adopted 10-fold cross-validation in the training set and ROC curve analysis in multi-center data to check the performance of each model. Define the model with the best performance based on the maximum AUC in internal and external validation. At last, a web-based calculator was appropriate to provide for clinical application of the final prediction model.




RESULTS


Demographic Characteristics

A total of 974 ES patients were included in this study, of which 923 were from the SEER database and 51 were from the multi-center external validation set. Baseline data of the training set and the validation set were listed in Table 1. Race and radiation were two variables with P < 0.05. The main race was white race (81.8%) in the training set and other (yellow race, etc.) (100%) in the verification set. Radiation history accounted for 21.7% in the training set and 43.1% in the validation set. The differences were not statistically significant in all other indexes such as age, sex, primary site, laterality, T stage, M stage, surgery, chemotherapy, bone metastases, lung metastases and survival times.


TABLE 1. Baseline data table of the training and validation sets.

[image: Table 1]
Baseline data of lymphatic metastases were shown in Table 2. In all study populations, there were a total of 135 cases with lymphatic metastasis or status that could not be assessed, including 128 cases from the training set and seven cases from the validation set. After comparing two sets, results revealed T stage, M stage, surgery, bone metastases, survival time was variables with P < 0.05.


TABLE 2. Patients baseline table of lymphatic metastases.
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Univariate and Multivariate Logistic Regression Analyses

As shown in Table 3, logistics regression analysis was performed to define risk factors for LNM in ES. Firstly, clinicopathological characteristics of two sets were compared using univariate logistic regression analysis. Race, T stage, M stage, surgery, lung metastases were factors with P < 0.05 in univariate logistic regression analysis and entered multivariate regression analysis. Finally, we came to the conclusion that race (black, OR = 2.270, 95% CI = 1.020–5.052, P = 0.045), T stage (T2, OR = 1.733, 95% CI = 1.044–2.876, P = 0.033; Tx, OR = 2.712, 95% CI = 1.511–4.870, P = 0.001), M stage (M1, OR = 2.038, 95% CI = 1.157–3.591, P = 0.014), lung metastases (yes, OR = 1.877, 95%CI = 1.067–3.301, P = 0.029) were independent predictors for LNM in ES.


TABLE 3. Univariate and multivariate logistic regression analysis of risk factors for Lymph node metastases in patients with Ewing sarcoma.
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The Performance of Machine Learning Algorithms

LNM status was regarded as the outcome index five factors with P < 0.05 in univariate logistic regression analysis mentioned above were defined as variables entered the model. ML algorithms including RF, NBC, DT, XGB, GBM, and LR were performed in the training set to develop prediction models. We adopted 10-fold cross-validation for internal validation to check the performance of each model (Figure 1). RF model performed best in predicting LNM in ES (average AUC = 0.764, std = 0.034). As shown in Figure 2, the RF model still showed the best performance in ROC curve analysis among 6 ML algorithms in the external validation (AUC = 0.727). Therefore, we chose the RF model as the final prediction model.


[image: image]

FIGURE 1. Ten-fold cross-validation of 6 ML algorithms for predicting LNM in patients with ES in the training set.
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FIGURE 2. ROC curve analysis of 6 ML algorithms for predicting LNM in patients with ES in the validation set.




Relative Importance of Variables in 6 Models

As we can see in Figure 3, the relative importance ranking of each input variable was slightly different among the 6 models. However, it was obvious that T Stage, M Stage, lung metastasis were the top three indicators in each model. Race and surgery were low-ranking variables. In the RF model, the relative importance rank of all variables from high to low was M Stage, T Stage, lung metastasis, surgery and race.


[image: image]

FIGURE 3. Relative importance ranking of each input variable for predicting models. (A) Random forest (RF). (B) Naive Bayes classifier (NBC). (C) Decision tree (DT). (D) Xgboost (XGB). (E) Gradient boosting machine (GBM). (F) Logistic regression (LR).




Web-Based Calculator

RF model performed best in 6 models. Accordingly, we established a web-based calculator to facilitate the clinical application of this prediction model (see text footnote 1; Figure 4).
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FIGURE 4. An example of the online calculator for predicting LNM in ES.





DISCUSSION

ES is highly invasive, and LNM worsens the prognosis. This study included 923 cases of ES in the SEER database for model establishment and 51 cases of ES from four independent institutions in China for external validation. In the total study population, 135 cases of ES had LNM or unknown condition of lymph node involvement. Machine learning (ML) has emerged as a powerful computer-based method and as a “prediction tool” in medical domain. It has been applied to model clinical outcome to detect more interactions between variables and to improve cognition of tumor growth and progression (24–26). We adopted six ML methods: RF, NBC, DT, XGB, GBM and LR. RF model performed best. Importance from highest to lowest, M stage, T stage, lung metastases (LM), surgery and race were the five variables in the final model. Finally, we established an online network calculator to facilitate clinical application.

M stage was the most important variable in the model. The risk ratio for LNM in M1 patients was 2.038. At the initial diagnosis of ES, 15–30% of cases have multiple metastases. Even after treatment, 30–40% of ES patients still have local or distant metastases (27). Paulussen and colleagues studied 171 cases of primary metastatic ES and found the metastasis incidence of lung, bone, lymph node, brain and liver was 35.7, 37.4, 2.9, 1.2, and 0%, respectively (17). LNM is more common when ES occurs in extra-skeletal sties (5). Lymph node involvement may promote tumor progression. The invaded regional lymph nodes can play as metastasis stations for tumor cell proliferation (28).

T was factor next to M stage in importance ranking. Many studies have proposed a correlation between tumor size and LNM. Some scholars studied 73 patients of orbital sarcoma (eight cases of ES) and found a higher risk of LNM was related to disease category of at least T3 (OR = 13.33, 95%CI = 1.77–602.30, P = 0.004) (29). In previous studies of thyroid papillary carcinoma, bladder urothelial carcinoma, early esophageal squamous cell carcinoma, osteosarcoma, rhabdomyosarcoma, breast cancer and other tumors, the size of tumor is significantly related to lymph node involvement (30, 31). Edwards and others believe that lymphatic vessels are absent in normal bones or bone tumors but can be found in tumors that have extended to periosteum and surrounding soft tissue (28). Larger tumors may have invaded the periosteum and surrounding soft tissue, which may explain the relationship between tumor size and LNM.

Lung metastases was another critical indicator. ES frequently metastasizes to the lungs (6). In this study, the LNM risk ratio for ES patients with LM was 1.877. In our previous study, N stage was the most significant predictor of LM and about 30.8% of LM patients had N1 or Nx status. Similarly, the study of Kato Y suggested that the severity of lymph node involvement was strongly correlated with lung metastasis in colorectal cancer patients (32). The exact correlation mechanism between LM and LNM of ES patients is needed to be further revealed.

Surgery was also one of the indicators in the RF model. In univariate analysis, the surgery rate of patients whose LNM or status cannot be assessed was significantly lower than that of patients without LNM (46.7 vs. 60.1%, P = 0.005). The focus of ES may shrink after induction treatment. As a result, the micro focus may not be found by MRI. The residual living tumor cells at the primary tumor site may cause secondary metastasis. The current consensus is that all anatomical structures involved in the extension of the original pretreated tumor should be removed during surgery (33). In a Cox regression model of pelvic ES, complete resection of affected bone and disappearance of extraosseous tumor components were associated with a lower risk of death (33). Several studies have also shown that surgical resection of the primary tumor is significantly associated with improved overall survival (OS) in patients with metastatic primary bone ES (8).

Race remains an important predictor, even if the importance ranking is the lowest. The incidence rate of ES varies from race to race. The incidence rate of ES was higher in Asians and Caucasians than that in blacks (17). The incidence rate in China was 2–3 times lower than that in Europe and America (34). Compared with patients of other races, black ES patients had a lower 10-year survival rate and an increased incidence of metastatic diseases at diagnosis. ES larger than 10cm in Hispanic patients were more frequent (7). As we have previously mentioned, larger tumors are closely associated with LNM.

Since LNM of ES strongly affects prognosis, we strongly recommend the evaluation of suspicious regional lymph nodes. Fine needle aspiration cytology (FNAC) in the expanded regional scope with full evaluation is helpful for early diagnosis, resection and prognosis improvement (35). Sentinel lymph node biopsy (SLNB) can conduct targeted sampling of local lymph nodes to avoid radical surgery or random biopsy. However, the accuracy of SLNB will be reduced when performed in previously treated areas because distortion of lymphatic channels may lead to bypassing the real sentinel lymph nodes (31). FDG-PET scan can well identify LNM. However, the reliability of FDG-PET scan was lower than SLNB, especially for small volume metastatic lymph node diseases in sarcoma. This limitation was linked to possible false-positive uptake in the benign process (28, 36). Some scholars have developed an ES-specific probe named CS2-N-E9R with high sensitivity and selectivity for E/F fusion protein. There was a certain prospect of CS2-N-E9R for accurate identification of LNM (3). Patients with LNM can be regarded as candidates for new treatment strategies and clinical trials (28).

The innovation of this paper lies in the technical and methodological innovation. By using the machine learning method, we have performed better than other methods in terms of clinical data and its application. There were a few limitations in this study. Firstly, the LNM prevalence of ES in the SEER database may be underestimated (1). This suggests that more careful evaluation is important in order to improve the prognosis of ES patients. In addition, data on specific chemotherapy drugs and intensity, radiotherapy dose, detailed surgical information and treatment response in the SEER database is absent (17). Further, data from different modalities such as radiomics we did not include in the model, otherwise the model would have a more powerful predictive power (25, 37, 38). In the last, our validation cohort were all from China. Further multi-center, prospective and multi-ethnic validation is needed to test the effectiveness of the model.



CONCLUSION

In this study, we applied ML algorithms to establish clinical risk models to predict LNM in ES patients. The RF model performed the best in internal and external validation. This model was an effective, non-invasive and convenient tool for clinical work. Further validation is needed.
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