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Purpose

Using an ensemble machine learning technique that incorporates the results of multiple machine learning algorithms, the study’s objective is to build a reliable model to predict the early mortality among hepatocellular carcinoma (HCC) patients with bone metastases.



Methods

We extracted a cohort of 124,770 patients with a diagnosis of hepatocellular carcinoma from the Surveillance, Epidemiology, and End Results (SEER) program and enrolled a cohort of 1897 patients who were diagnosed as having bone metastases. Patients with a survival time of 3 months or less were considered to have had early death. To compare patients with and without early mortality, subgroup analysis was used. Patients were randomly divided into two groups: a training cohort (n = 1509, 80%) and an internal testing cohort (n = 388, 20%). In the training cohort, five machine learning techniques were employed to train and optimize models for predicting early mortality, and an ensemble machine learning technique was used to generate risk probability in a way of soft voting, and it was able to combine the results from the multiply machine learning algorithms. The study employed both internal and external validations, and the key performance indicators included the area under the receiver operating characteristic curve (AUROC), Brier score, and calibration curve. Patients from two tertiary hospitals were chosen as the external testing cohorts (n = 98). Feature importance and reclassification were both operated in the study.



Results

The early mortality was 55.5% (1052/1897). Eleven clinical characteristics were included as input features of machine learning models: sex (p = 0.019), marital status (p = 0.004), tumor stage (p = 0.025), node stage (p = 0.001), fibrosis score (p = 0.040), AFP level (p = 0.032), tumor size (p = 0.001), lung metastases (p < 0.001), cancer-directed surgery (p < 0.001), radiation (p < 0.001), and chemotherapy (p < 0.001). Application of the ensemble model in the internal testing population yielded an AUROC of 0.779 (95% confidence interval [CI]: 0.727–0.820), which was the largest AUROC among all models. Additionally, the ensemble model (0.191) outperformed the other five machine learning models in terms of Brier score. In terms of decision curves, the ensemble model also showed favorable clinical usefulness. External validation showed similar results; with an AUROC of 0.764 and Brier score of 0.195, the prediction performance was further improved after revision of the model. Feature importance demonstrated that the top three most crucial features were chemotherapy, radiation, and lung metastases based on the ensemble model. Reclassification of patients revealed a substantial difference in the two risk groups’ actual probabilities of early mortality (74.38% vs. 31.35%, p < 0.001). Patients in the high-risk group had significantly shorter survival time than patients in the low-risk group (p < 0.001), according to the Kaplan–Meier survival curve.



Conclusions

The ensemble machine learning model exhibits promising prediction performance for early mortality among HCC patients with bone metastases. With the aid of routinely accessible clinical characteristics, this model can be a trustworthy prognostic tool to predict the early death of those patients and facilitate clinical decision-making.
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Introduction

Primary liver cancer is the most frequent cause of cancer-related death in most regions of the world, and it is predicted to be the sixth most prevalent cancer worldwide in terms of incidence and mortality in 2020, with up to 906,000 new cases and 830,000 deaths (1). Hepatocellular carcinoma (HCC) is the most common type of liver cancer, and it accounted for 75% to 85% of all cases. Additionally, incidence and mortality are continually rising in many nations (2), and many HCC patients are still at an advanced stage when they are diagnosed (3). Viral hepatitis B and C and cirrhosis, fatty liver disease and diabetes, alcohol, and aflatoxin and aristolochic acid are among the main risk factors for HCC (3). Although the survival prognosis for HCC patients has improved significantly over the past 20 years, thanks to treatments, it is still unsatisfactory, with a median overall survival of only 16.5 to 16.2 months and a median progression-free survival of 5.6 to 5.7 months (4). Additionally, the 5-year survival rate remains less than 20% because of the high recurrence rate (5).

With the improvement of prognosis among HCC patients in recent years due to novel imaging techniques and multidisciplinary therapies, extrahepatic metastases now occur more frequently (6). The bone is a common extrahepatic metastatic site, and the prevalence ranged from 2.0% to 25.0% among patients with HCC (7, 8). Additionally, bone metastasis was responsible for 32.5% to 57.0% of all distant metastasis in HCC patients (9). HCC patients with bone metastases often had expansive soft tissue masses with severe osteolytic bone destruction and this may be explained by the theory of premetastatic niche (10, 11). Regarding prognosis, bone metastasis was a significant risk for survival outcome among HCC patients, and the median survival time was only 2.8–3.3 months among HCC patients with bone metastases (12, 13). The prognosis of those individuals may be improved by tailored therapy, and in order to implement individualized therapy, prediction models for evaluating the survival outcome among HCC patients with bone metastases must be developed.

A number of risk factors, including marital status (14), primary tumor surgery (14), Child-Pugh grade (15, 16), T stage (15), performance status, radiotherapy (17), the presence of ascites at the initial presentation (18), and the number of skeletal metastases (16), have been found to be significantly associated with the survival outcome of HCC patients with bone metastases. The establishment of survival prediction models for HCC patients with bone metastases is facilitated by these risk variables. Nevertheless, confounding factors that offer nonlinear influences and pose issues frequently have an impact on the survival prediction of patients with bone metastases. It should be noted that using machine learning techniques, this issue can be readily solved (19). Given the poor survival prognosis among those patients, short-term survival forecasting is crucial to create better plans and more appropriate responses. Therefore, this study aims to construct an accurate model to predict the early mortality (three-month mortality) among HCC patients with bone metastases using an ensemble machine learning technique that aggregated the results of multiple machine learning algorithms.



Methods


Data source and eligibility criteria

We extracted data from the Surveillance, Epidemiology, and End Results (SEER) Program. SEER is a large oncologic database which collects information on cancer diagnoses and survival for about 30% of the US population with the effort to reduce the cancer burden. We completed the registration form to obtain SEER*Stat (version 8.4.0.1) after reading and signing the Terms of Use Agreement. This software provides us with interface to access to the SEER database and download corresponding data.

Between January 1, 2000, and December 31, 2019, patients with histologically confirmed HCC were included for the analysis. The exclusive criteria were as follows (1): Patients did not have bone metastases (2); Patients younger than 18 years old (3); Patients did not have the histological diagnosis of adenomas and adenocarcinomas (4); Patients whose causes of death were missing or unknown (5); Patients were alive or dead of other reason (not attributable to liver cancer) with a follow-up interval of only three or less months; and (6) Patients whose survival time was unknown. Complete data were required for stage and liver cancer-specific mortality, and censoring was derived from the vital status recode.

All enrolled patients from the SEER database were divided into two groups: a model training cohort (n = 1509, 80%) and a model testing cohort (n = 388, 20%). The model testing cohort was regarded as the internal testing cohort, and the eligible patients from Hainan Hospital of Chinese PLA General Hospital (Sanya) and Hainan Cancer Hospital (Haikou) were served as the external testing cohort (n = 98). When users access to the SEER database, it is unnecessary to obtain formal ethics approval, since it is covered by its open access policy. This study was approved by the Hainan Hospital of Chinese PLA General Hospital and patients gave informed oral consent prior to data collection.



Variable collection

Age, sex, race, marital status, tumor (T) stage, node (N) stage, fibrosis score, alpha fetoprotein (AFP) level, tumor size, brain metastases, liver metastases, lung metastases, surgery of lymph, cancer-directed surgery, radiation, and chemotherapy were all taken out of the SEER database. Patients having a survival interval of three months or less were considered to have experienced early mortality. Cancer-specific death was recorded and used in the study. In terms of American Joint Committee on Cancer and Extent of Disease classification, T and N stages were used for analysis. Race was divided into black, white, others, and unknown, the others of race included American Indian, AK Native, Asian, and Pacific Islander.



Model training

Selection of model features was determined by subgroup analysis of clinical characteristics in the training group, and significant variables were included as the input features of model building. Five machine learning techniques, including an artificial neural network, gradient boosting decision tree, eXGBoosting machine, decision tree, and support vector machine, were investigated in the study to construct an ensemble machine learning model. Each model received the same input features. These models are widely used for binary classification issues in the field of medicine, and this study chose a wide range of models to reflect this. To further explain, gradient boosting decision tree frequently conducts well with risk classification, but an ensemble was introduced to further improve model robustness in the study. Combining the outputs of the artificial neural network, gradient boosting decision tree, eXGBoosting machine, decision tree, and support vector machine, ensemble machine learning can use models created by numerous machine learning techniques to make predictions. Particularly, ensemble models frequently produce superior predicting performance than individual machine learning models (20, 21). Broad upper and lower bounds were applied to grid and random hyperparameter searches to explore the optimal hyperparameters, and the area under the receiver operating characteristic curve (AUROC) was the primary metric to evaluate the prediction performance after the optimal hyperparameters were finally determined, helping to largely avoid underfitted and overfitted conditions.



Model validation

The AUROC was calculated for model discrimination during model evaluation. The models’ capacity for discrimination refers to their power to discern between favorable and unfavorable outcomes. The density probability curve and discrimination slope were used in the analysis as additional indicators showing model discrimination. Brier score and visual examination of calibration plots were used to evaluate model calibration, which reflects the consistency between anticipated and observed outcomes. The predicted risk of an event developing vs. the observed risk were plotted in calibration plots, and the calibration slope and intercept-in-large were derived for each plot. For each machine learning model, a clinical net benefit was also calculated using decision curve analysis; this measure of value was accomplished by making decisions based on model predictions. For each model, other key performance measures included specificity, sensitivity, and accuracy.



Statistical analysis

Using the t-test for continuous variables and chi-square test or adjusted continuity chi-square test for proportional variables, the clinical characteristics between patients in the training and testing groups were compared. In order to interpret feature contributions, in terms of the ensemble machine learning model, Shaley Additive Explanation (SHAP) was utilized. Patients were categorized into two risk groups using the ensemble machine learning model, stratified by the ideal cut-off value (threshold). The chi-square test was used to compare the difference of the actual probability of developing early mortality among patients in the high- and low-risk groups. The Kaplan–Meier method and log-rank test were conducted to create the survival curve among patients stratified by risk groups. The statistical tools used for these analyses included the R statistical software (R Project for Statistical Computing, version 4.1.2) and Python (version 3.9.7). Statistical significance was defined as a two-sided p-value of 0.05.




Results


Process of screening and clinicopathology

The study included 124,770 people with liver cancer in total. A cohort of 1,897 individuals from the SEER database who had been histologically determined to have HCC with bone metastases were included based on the screening criteria (Figure 1). The baseline clinical characteristics of patients are shown in Table 1. The average age of the patients was 65.04 (10.20) years, with the majority of them being men (85.6%), Caucasian (72.6%), and married (46.4%). A large number of tumors were T3 (29.7%) and N0 (62.3%) disease. Up to 62.2% of patients had positive AFP results. In addition to bone metastases, brain metastases, liver metastases, and lung metastases accounted for 3.2%, 7.2%, and 23.0%, respectively, indicating relatively heavy metastatic illness. Only 2.6% of patients received cancer-specific surgery, while 0.6% of patients underwent lymph node surgery. In the entire cohort of patients, 39.7% patients received radiation and 38.7% patients had chemotherapy. There were 55.5% of patients who had events (early mortality from HCC). The median survival time was 3.0 months (range: 0.0–98.0 months).




Figure 1 | Flow chart outlining patient’s enrollment, study design, and ensemble machine learning technique.




Table 1 | Baseline clinical characteristics of the entire cohort.





Development of the ensemble model

A comparison of clinical characteristics was operated between patients in the training and internal testing cohort, and it demonstrated that the two cohorts were comparable because no significant difference was found in the distribution of the clinical characteristics (Table 2). In the training cohort, the study found that early mortality patients in the training cohort were more likely to be men (p = 0.019), single (p = 0.004), with advanced T (p = 0.025) and N (p = 0.001) stage, unknown fibrosis score (p = 0.040), positive AFP level (p = 0.032), larger tumor size (p = 0.001), lung metastases (p < 0.001), less cancer-directed surgery (p < 0.001), less radiation (p < 0.001), and less chemotherapy (p < 0.001), whereas other clinical characteristics were insignificant (Table 3). Thus, in order to train and improve the models, the aforementioned 11 clinical criteria were used, and the best hyperparameters were found after grid and random hyperparameter searches for each model (Table 4). At last, the ensemble machine learning model was developed in a soft-voting method to combine the results from the five machine learning algorithms in the study, including the artificial neural network, gradient boosting decision tree, eXGBoosting machine, decision tree, and support vector machine.


Table 2 | Clinical characteristics among patients stratified by the splitting group.




Table 3 | Clinical characteristics among patients stratified by early death in the training cohort.




Table 4 | Models and their hyperparameters.





Validation of the ensemble model

Internal validation of the model was operated in the internal testing cohort, and external validation was performed in the external testing cohort. The baseline characteristics of the external testing cohort are shown in Supplementary Table 1. Application of the ensemble model in the internal testing population yielded an AUROC of 0.779 (95% CI: 0.727–0.820) (Figure 2), which was the largest AUROC among all models, suggesting optimal discrimination in the study. The neural network model had the second-highest AUROC, which was 0.777 (95% CI: 0.730–0.823), and was followed by the eXGBoosting machine model. The external validation showed the AUROC of the ensemble model was 0.764 (95% CI: 0.642–0.886) (Supplementary Figure 1). Each model’s probability density curve is shown in Figure 3, which reveals that most models exhibited favorable discrimination with a sizable portion of separation. The similar trend of density curve was also observed in the external validation according to the ensemble model (Supplementary Figure 2). The majority of models displayed positive discrimination, as shown by the calculation of the discrimination slope, which was defined as the mean difference between actual and observed risk probabilities of occurrences (Supplementary Figure 3). External validation elucidated that the discrimination slope was also up to 0.211 in the ensemble model (Supplementary Figure 4). Of note, other machine learning models produced a higher Brier score than the ensemble machine learning model, indicating a bigger prediction error. Table 5 summarizes additional indicators in greater detail. Calibration plots are displayed in Figures 4, 5 shows the decision curve for each model in the study, showing that models, in particular the ensemble machine learning model, had good clinical usefulness. The calibration plot of the ensemble model in the external validation is shown in Supplementary Figure 5. It showed the calibration curve was not close to the ideal reference line, although the calibration slope was near to 1. To further improve the calibration of the ensemble model, we revised the model via subtracting 20.0% in each predicted risk of early mortality. Thus, the new revised calibration plot was provided (Supplementary Figure 6), and it demonstrated that the calibration of the model was further improved. In addition, the AUROC, Baier score, and calibration slope were all improved after the revision of model (Table 5). Based on the above findings, although the decision tree had the poorest prediction performance based on the AUROC, it still had advantages based on the intercept-in-large (-0.065) and specificity (0.810). The intercept-in-large was very near to 0, and the specificity was the highest, among all machine learning models. Thus, the decision tree model was also included to develop the ensemble machine learning model. The study found that the top three important features included chemotherapy, radiation, and lung metastases (Figure 6), according to feature importance analysis using the ensemble machine learning model.




Figure 2 | The receiver operating characteristic curves for the machine learning models in the internal testing cohort.






Figure 3 | Density cures of the machine learning models in the internal testing cohort. (A) Neural network; (B) gradient boosting decision tree; (C) eXGBoosting machine; (D) decision tree; (E) support vector machine; (F) ensemble model.




Table 5 | Key performance indicators of models.






Figure 4 | Calibration plots of the machine learning models in the internal testing cohort. (A) Neural network; (B) gradient boosting decision tree; (C) eXGBoosting machine; (D) decision tree; (E) support vector machine; (F) ensemble model.






Figure 5 | Decision curve analysis of the machine learning models in the internal testing cohort.






Figure 6 | Feature importance in terms of the ensemble machine learning model.





Risk category

Reclassification of patients was conducted using the ensemble machine learning model’s threshold of 54.1%. The low-risk group included patients with a forecasted risk probability of 54.1% or less, whereas the high-risk group included patients with a predicted risk probability of more than 54.1%. The actual probability of early mortality was significantly different between the two risk groups (p < 0.001, Table 6). The Kaplan–Meier survival curve also showed that patients in the high-risk group had significant shorter survival time in comparison to patients in the low-risk group (p < 0.001, log-rank test, Supplementary Figure 7).


Table 6 | Risk stratification of patients in the internal validation cohort based on the ensemble model.






Discussion

This study constructed a model to predict early mortality among HCC patients with bone metastases, and the model was developed using the ensemble machine learning technique that combined the results of multiple machine-learning algorithms, including an artificial neural network, gradient boosting decision tree, eXGBoosting machine, decision tree, and support vector machine. The ensemble model outperformed other algorithms in terms of both discrimination and calibration, as evidenced by its greatest AUROC and lowest Brier score. This model might be a helpful predictive tool to determine the likelihood that these individuals would develop early death and to aid in therapeutic decision-making.

In HCC patients with bone metastases, the early mortality rate was 55.5%, showing a comparatively high rate of early death in these patients. According to current literature, the median survival period was only about 2.8 to 3.3 months among HCC patients with bone metastases (12–14). In the present study, the median survival time was 3.0 months (range: 0.0–98.0 months), and this number was consistent with other studies (12–14). But a retrospective study which was conducted by Hirai et al. (8) reported that the median survival was up to 11.07 months after the diagnosis of bone metastases among HCC patients. In addition, a study with small sample size found that the median survival time was 10.0 months among patients with skeletal metastases due to HCC after surgical treatment (16). After analyzing 37 HCC patients with bone metastases, Kim et al. showed that the median survival was 6.2 months (18). The incidence of early death was 26.5% in the external testing cohort, and this number was significantly lower than that in the cohort from the SEER database. The difference might be that the external testing cohort had a significantly higher rate of cancer surgery (43.9% vs. 2.6%) and chemotherapy (67.3% vs. 38.7%), as compared to the patients from the SEER cohort. In addition, HCC patients with bone metastases from the SEER database were initially diagnosed, whereas in the external testing cohort HCC patients who later developed bone metastases after initial HCC diagnosis were enrolled for analysis. The aforesaid discrepancy may be explained by the small size of the study sample and the population variability.

Numerous researches have looked into the potential risk and protective factors for determining the likelihood that HCC patients with bone metastases would survive. For instance, Guo et al. (14) revealed that married status was independently associated with better survival outcome among HCC patients with bone metastases at initial diagnosis after analyzing 1567 cases from the SEER database. Japanese researchers showed that age of more than 75 years, hepatitis C-virus etiology, and Child-Pugh class B/C were significantly relevant to a worse survival outcome after enrolling 76 patients, and the study also pointed out that pathological fracture or paralysis had no impact on the survival (8). In addition, Honda et al. (15) also demonstrated that Child-Pugh grade and T stage were correlated with overall survival among 99 HCC patients with bone metastases. In a retrospective study of 42 cases, the number of bone metastases and Child-Pugh class were found as independent prognostic factors. However, In a retrospective study of 37 HCC patients presenting with bone metastases, it showed that the presence of ascites was the sole risk factor for survival, while other variables, such as age, gender, performance status, Child-Pugh class, AFP, and treatment for HCC were insignificant (18). Regarding therapeutic approaches, primary tumor surgery (14), chemotherapy (12), radiation (17), and palliation care (17) were proved to be beneficial for survival outcome among those patients. In the present study, feature importance demonstrated that the top three most important features were chemotherapy, radiation, and lung metastases, and the impact of the three clinical characteristics on survival has been confirmed in previous studies (22). Chemotherapy and radiation were protective factors for early death. In addition, among HCC patients, lung metastases showed a worse prognosis than bone metastases (6), demonstrating that lung metastases had a significant negative impact on survival.

For patients with HCC, a number of survival prediction models have been put forth to forecast the outcome of survival. For example, Liang et al. (23) used the Cancer Genome Atlas cohort to construct a survival prediction model for HCC patients utilizing 10 ferroptosis-related genes, and the International Cancer Genome Consortium cohort to validate the model. The AUROC for estimating 1-year survival was 0.68, 2-year survival was 0.69, and 3-year survival was 0.72. Yan et al. (24) established a survival prediction model after analyzing 3620 patients with early HCC and the model consisted of eight variables including age, race, grade, T stage, surgery, chemotherapy, tumor size, and marital status. The 3- and 5-year AUROC were 0.767 and 0.766, respectively. More recently, after enrolling 2514 HCC patients in a multicenter database, a nomogram prediction model for survival was proposed using eight clinical characteristics for patients with and without adjuvant transcatheter arterial chemoembolization, and validation of the nomogram showed that the C-index was slightly above 0.75 (25). Liu et al. (26) developed a radiomics nomogram to predict the overall survival of HCC patients after hepatectomy. To begin with, this study constructed a radiomics signature in terms of seven overall survival related texture parameters, and then the radiomics signature incorporating with other four clinical characteristics (AFP, platelet-to-lymphocyte ratio, tumor size, and microvascular invasion) was used to develop the radiomics nomogram. The radiomics nomogram had an AUROC value of 0.747 in the training cohort and 0.777 in the validation cohort. However, studies on developing survival prediction specifically among HCC patients with bone metastases were scarce. To our knowledge, this study was the first to construct an accurate model to predict early mortality specifically among HCC patients with bone metastases using the ensemble machine learning technique, and this technique was able to combine the results of multiple machine-learning algorithms. Of note, the ensemble model had favorable discrimination and calibration in terms of AUROC (0.779) and Brier score (0.191), respectively. Notably, as compared to the AUROC in the above studies, our study had the highest AUROC, suggesting the accuracy of the prediction model was favorable.

Reclassification of patients showed that actual probability of early mortality was significant difference between the two risk groups (74.38% vs. 31.35%, p < 0.001). To be specific, patients in the high-risk group were 2.37 times more likely to suffer early death as compared to patients in the low-risk group. The Kaplan–Meier survival curve also demonstrated that patients in the high-risk group had significant shorter survival time in comparison to patients in the low-risk group. Patients in the high-risk group may therefore require greater care. Surgery may not be advised for those individuals because they were at a high danger of passing away within 3 months, would not have enough time to recuperate from surgery, and had slim prospects of ever benefiting from it. In addition, a multidisciplinary cooperation was recommended to manage HCC patients with bone metastases due to its complexity (11), and if there were no specifically targeted drugs, the therapeutic aim of treatments is directed at palliation of symptoms (11).


Limitations

The restrictions of this study are outlined below: (1) Because some clinical criteria, such as Child-Pugh grade, are not available in the SEER database, this study’s selection of variables is constrained. (2) The information that was taken from the SEER database was on the condition at the time of the initial diagnosis, suggesting that bone metastases that occur in the later stages may not have been documented. (3) The model showed positive predictive performance in both the internal and external validation, but additional external validation is still needed to increase the model’s generalizability.




Conclusions

In conclusion, the ensemble machine learning model shows promising prediction performance for early mortality among HCC patients with bone metastases. This model can be a prognostic tool to predict the survival outcome of those patients and facilitate clinical decision-making. Surgery might not be advised for patients in the high-risk group because they had a high chance of passing away within 3 months. For a subset of patients, chemotherapy, radiation therapy, and the avoidance or treatment of lung metastases are advised due to their positive effects on survival.
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Supplementary Figure 4 | Discrimination slope of the ensemble model in the external testing cohort.

Supplementary Figure 5 | Calibration plot of the ensemble model in the external testing cohort.

Supplementary Figure 6 | Calibration plot of the ensemble model in the external testing cohort after model revision.

Supplementary Figure 7 | Kaplan–Meier survival curve among patients stratified by risk group (p < 0.0001, log-rank test).
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