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Although methods in diagnosis and therapy of hepatocellular carcinoma (HCC) have made significant progress in the past decades, the overall survival (OS) of liver cancer is still disappointing. Machine learning models have several advantages over traditional cox models in prognostic prediction. This study aimed at designing an optimal panel and constructing an optimal machine learning model in predicting prognosis for HCC. A total of 941 HCC patients with completed survival data and preoperative clinical chemistry and immunology indicators from two medical centers were included. The OCC panel was designed by univariate and multivariate cox regression analysis. Subsequently, cox model and machine-learning models were established and assessed for predicting OS and PFS in discovery cohort and internal validation cohort. The best OCC model was validated in the external validation cohort and analyzed in different subgroups. In discovery, internal and external validation cohort, C-indexes of our optimal OCC model were 0.871 (95% CI, 0.863–0.878), 0.692 (95% CI, 0.667–0.717) and 0.648 (95% CI, 0.630–0.667), respectively; the 2-year AUCs of OCC model were 0.939 (95% CI, 0.920–0.959), 0.738 (95% CI, 0.667–0.809) and 0.725 (95% CI, 0.643–0.808), respectively. For subgroup analysis of HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy, C-indexes of our optimal OCC model were 0.772 (95% CI, 0.752–0.792), 0.769 (95% CI, 0.750–0.789), 0.855 (95% CI, 0.846–0.864) and 0.760 (95% CI, 0.741–0.778), respectively. In general, the optimal OCC model based on RSF algorithm shows prognostic guidance value in HCC patients undergoing individualized treatment.
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1 Introduction

Primary liver cancer is a common digestive system malignancy. According to GLOBOCAN, in 2020, the annual number of new cases of liver cancer worldwide was 905,000, ranking it sixth among cancers. The number of liver cancer deaths that year was 830,000, ranking it third globally among malignancies (1). Hepatocellular carcinoma (HCC) is the main pathological type of primary liver cancer, accounting for 85%–90% of cases. Radical resection remains a first-line treatment to promote long-term survival for patients with preserved liver function. Because the recurrence rate of HCC after hepatectomy is 50%–70%, systemic therapy and some locoregional therapies such as transarterial chemoembolization (TACE) and radiofrequency ablation are needed for advanced and metastatic disease to better control tumor progression, improve quality of life, and prolong survival (2). Surveillance and follow-up after liver cancer surgery or initial treatment are still crucial. Despite these interventions, overall survival (OS) with liver cancer remains poor (3). To individualize treatment and improve outcomes, precise prognostic indicators or panels are needed. Circulating markers are easily obtained through relatively low-cost testing and could be used to predict liver cancer survival or recurrence (4).

As an important metabolic organ, the liver is an exquisite biological factory for the synthesis of coagulation factors and metabolism-associated enzymes. Progression of HCC especially at an intermediate or advanced stage can lead to abnormal liver function and coagulation, in addition to generation of tumor markers, which partially indicate the proliferative status of the tumor. In our experience, prognosis in patients with deterioration of liver function and coagulation is less satisfactory than in those with tolerable indicators. Accumulating findings show that abnormally high alkaline phosphatase (ALP), gamma-glutamyltransferase (GGT), aspartate transaminase (AST), and lactate dehydrogenase (LDH) are associated with poor prognosis in liver cancer (5–11). Likewise, an increased coagulation indicator prothrombin time has been linked to worse progression-free survival in patients with HCC (12). For unclear reasons, a number of reports have focused on the relationship between liver cancer prognosis and the ratio of two candidate markers, such as gamma-glutamyl transpeptidase and lymphocyte count ratio, that lack any connection (13, 14). In addition, most previous studies have focused on patients with liver cancer who have undergone surgical treatment, liver transplantation, ablation, TACE, or sorafenib therapy (15–17). Moreover, many studies have had a short follow-up so that many individuals were still alive at the data cutoff, precluding accurate information about their survival period. For these reasons, the true relationship between candidate markers and OS is unclear. Meanwhile, acceptance and application of novel parameters and models in clinical practice have been slow. To date, systematic evaluations are lacking that include imaging parameters and circulating tumor and liver function markers, coagulation factors, and other laboratory tests associated with OS in HCC.

Here, we retrospectively analyzed data for patients with HCC treated at the Chinese National Cancer Center (NCC) from 2010 to 2019. The study aim was to define potential prognostic factors and develop novel models based on the panel of factors yielding optimal accuracy for assessing long-term survival in patients with HCC.



2 Materials and methods


2.1 Diagnosis of HCC

All patients were diagnosed with HCC through postoperative or biopsy pathological examination and through hematological (alpha-fetoprotein, AFP) and imaging (magnetic resonance imaging, ultrasonography, computerized tomography) studies at the National Cancer Center (NCC) from November 2010 to April 2019 and Shanxi Province Cancer Hospital (SPCH) from January 2018 to March 2022. Two independent pathologists made the histopathological diagnoses, and two independent medical laboratory technologists carried out the blood tests.



2.2 Data collection and inclusion and exclusion criteria

All information about diagnosis and therapy was obtained from hospital electronic medical records, and survival information was collected from our hospital’s follow-up database. Tumor diameter means the diameter of the largest tumor. Satellite nodules are defined as tumor cell nests less than 2 cm (18). All blood test values were exported from the Laboratory Information Management System. Pretherapy blood values were determined for alanine transaminase (ALT), AST, GGT, ALP, LDH, total bilirubin (TBIL), direct bilirubin (DBIL), albumin (ALB), pre-albumin (PALB), and globulin. Moreover, values for the tumor marker AFP were collected.

Inclusion criteria were as follows: (1) primary HCC diagnosis; (2) initial cancer therapy at the NCC and SPCH; (3) complete clinical case record including laboratory data; (4) complete follow-up data; and (5) cause of death relevant to the cancer. The exclusion criteria were as follows: (1) secondary liver cancer diagnosis; (2) initial therapy related to tumor not administered at the NCC and SPCH; (3) presence or history of other cancers, including other primary liver cancer such as intrahepatic cholangiocarcinoma and combined HCC and cholangiocarcinoma; and (4) death from non–cancer-related causes. OS was defined as the interval between the first date of treatment and the date of death (Figure 1).
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FIGURE 1
Workflow of prognostic model generation and analysis.




2.3 Liver-related hematological markers and laboratory methods

Circulating levels of AST, ALT, ALP, GGT, creatine kinase (CK), LDH, ALB, PALB, TBIL, DBIL, β2MG (β2 microglobulin), TBA (total bile acids), TP (total protein), Transferrin, CHOL (cholesterol), HDL-CHO (high density lipoprotein cholesterol), and LDL-CHO (low density lipoprotein cholesterol) were performed using Roche Cobas c701 analyzers. AFP was measured using an electrochemiluminescence method on Roche Cobas e601 analyzers.

In summary, the average within-laboratory coefficient of variation in quality-control samples ranged between 0.907∼1.979% for ALT, 1.220∼1.670% for AST, 1.638∼1.763% for GGT, 1.756∼3.501% for ALP, 1.642∼2.230% for LDH, 1.467∼1.958% for CK, 0.755∼1.060% for TBIL, 1.892∼2.677% for DBIL, 0.978∼1.553% for TBA, 1.332∼1.406% for TP, 1.731∼1.786% for ALB, 0.936∼1.282% for PALB, 1.786∼2.317% for AFP.



2.4 Data preprocessing

After exclusion of variables with > 25% missing values, 8 variables were imputed using the “pmm” method in the mice R package (19). Participant data at NCC were then randomized into ‘discovery’ and ‘validation’ cohorts in an approximate 7:3 ratio.



2.5 Panel generation and validation

The OCC panel was established through univariate and multivariate cox regression analysis. The performance of the cox model based on OCC panel was evaluated by discrimination and calibration. The discriminative ability was assessed using the C-index and a calibration plot. Furthermore, time-dependent receiver operating characteristic (ROC) curves and corresponding area under curves (AUCs) at 1, 3, and 5 years were generated to estimate the predictive accuracy.



2.6 Machine-learning model development

To develop a best prognostic model based on OCC panel with high accuracy and stability performance, we performed 10 machine learning algorithms including random survival forest (RSF), elastic network (Enet), Lasso, Ridge, stepwise Cox, CoxBoost, partial least squares regression for Cox (plsRcox), supervised principal components (SuperPC), generalized boosted regression modeling (GBM), and survival support vector machine (survival-SVM). The detailed description of algorithms could be found in previous study (20).



2.7 Statistical analysis

Results of analyses of continuous variables with a non-normal distribution are shown as median ± interquartile range and were compared using Wilcoxon tests. Chi-square tests were used to compare categorical variables. Cox regression and Kaplan–Meier analyses were conducted using survival package. ROC curves based on the timeROC package were used to define sensitivity and specificity. The C-indices of each model were compared via CompareC package. All tests were two-sided, and unless specifically stated, P < 0.05 was considered to indicate statistical significance.




3 Results


3.1 Patient characteristics

The clinical and laboratory characteristics of patients in the discovery (507 patients) and validation (219 patients) cohorts did not significantly differ (Table 1; P > 0.05 for all comparisons), except for lymph node metastasis (LNM) and TBA. Average age was similar in the two groups, at 56.5 (10.6) years for the discovery cohort and 55.6 (11.1) years for the validation cohort. Most patients were male (421 [83%] in the discovery group and 183 [83.6%] in the validation group). For etiology of HCC, 598 (85.9%) HCC had hepatitis B, 54 (7.8%) had hepatitis C. Furthermore, overall, more than 619 (88.9%) HCC had cirrhosis.


TABLE 1 Baseline characteristics of patients with hepatocellular carcinoma in the discovery and validation cohorts.
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The average tumor diameter of the HCC patients in each group was 5.2 (3.3) cm. Eighteen (2.5%) patients had lymphatic metastasis, one of whom had more than one lymph node metastasis. Moreover, in the discovery and validation cohorts combined, 49 (7%) patients had portal vein tumor thrombosis (PVTT). In patients who underwent hepatectomy in the discovery and validation cohorts, 39 (7.7%) and 17 (7.8%) had well differentiated HCC, 261 (51.5 %) and 112 (51.1%) had moderately differentiated HCC, and 207 (40.8%) and 90 (41.1%) patients had poorly differentiated HCC. Overall, in the two cohorts combined, 72 (10.3%) of patients had satellite nodules.

For laboratory characteristics, the distribution of AFP, ALT, AST, LDH, GGT, ALP, CK, TBIL, DBIL, CHOL, HDL-CHO, LDL-CHO, β2MG, Transferrin, TP, ALB and PALB did not differ between the two groups (P > 0.05).

Regarding adjuvant treatments, 106 (15.2%) overall had TACE, 31 (4.5%) had radiofrequency ablation, and 21 (3%) had radiation therapy. More than 568 (77%) patients overall underwent liver resection.



3.2 Prognosis panel design and validation

To identify variables related to OS in HCC, univariable and multivariable Cox regression analysis were performed (Figure 2). Univariable analysis revealed that values for tumor diameter, cirrhosis, PVTT, LNM, satellite nodules, AFP, ALT, AST, LDH, GGT, ALP, CK, TBA, TBIL, DBIL, β2MG, Transferrin, ALB and PALB were all related to OS in HCC (Figure 2A). 17 variables associated with clinical prognosis in HCC were selected for the multivariable model analysis. The results indicated that values for tumor diameter, cirrhosis, PVTT, satellite nodules, ALT, AST, GGT, ALP and β2MG were independent prognostic factors in HCC (Figure 2B), and we defined these 9 variables as OS-related clinical characteristic (OCC) panel.
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FIGURE 2
OCC panel design. (A) The univariable Cox regression analysis for all 27 variables in the entire cohort after imputing missing data. (B) The multivariable Cox regression analysis for 19 variables in the entire cohort.


A cox model predicting OS in HCC was first constructed based on OCC panel (Supplementary Figure 1). The calibration curves demonstrated a favorable consistency between nomogram predictions and observed outcomes for 1-, 3-, and 5-year OS in the discovery and validation cohorts (Supplementary Figures 1A, B). At 1, 3, and 5 years, the AUC values in the ROC curve analysis were respectively 0.794 (95% CI, 0.744–0.844), 0.754 (95% CI, 0.710–0.798), and 0.778 (95% CI, 0.733–0.822) in the discovery cohort and 0.721 (95% CI, 0.632–0.809), 0.724 (95% CI, 0.653–0.796), and 0.747 (95% CI, 0.677–0.818) in the validation cohort (Supplementary Figures 1C, D). The C-indexes of cox model were 0.725 (95% CI, 0.710–0.740), and 0.686 (95% CI, 0.661–0.711), respectively.

These results highlighted that the OCC panel had a superior diagnostic performance for predicting prognosis of HCC.



3.3 Establishment of an optimal Model Based on OCC Panel for Prognosis predicting of Patients With HCC

To improve the discriminatory ability of cox model, OCC panel was used to develop different machine learning models (Figure 3). Further, the performance of each model across discovery and validation cohorts was assessed by mean C-indexes (Figure 3A). A best OCC model based on random forest algorithm was selected with a highest mean C-index of 0.781 (95% CI, 0.765-0.798) (Table 2). ROC analysis measured the discrimination of OCC model, with 1-, 3-, and 5-year AUCs of 0.923 (95% CI, 0.898–0.948), 0.940 (95% CI, 0.920–0.959), and 0.943 (95% CI, 0.923–0.963) in discovery cohort; 0.697 (95% CI, 0.603–0.790), 0.738 (95% CI, 0.667–0.810), and 0.757 (95% CI, 0.687–0.827) in validation cohort, respectively (Figures 3B, C). Furthermore, Kaplan-Meier analysis was conducted to validate the discriminative ability of OCC model. Patients with high risk had significantly worse OS and PFS relative to patients with low risk in the entire cohort (all P < 0.001, Figures 3D, E). To further validate the robustness of our OCC model, we validated OCC model in an external validation cohort with 245 HCC patients and the C-index was 0.648 (95% CI: 0.630–0.667, Supplementary Figure 2). ROC analysis measured the discrimination of OCC model, with 1-, 2-, and 3-year AUCs of 0.701 (95% CI, 0.636–0.767), 0.725 (95% CI, 0.643–0.808), and 0.750 (95% CI, 0.667–0.834) in the external validation cohort (Supplementary Figure 2A). Kaplan-Meier analysis demonstrated that patients with high risk had significantly worse OS relative to patients with low risk in the external validation cohort (P < 0.001, Supplementary Figure 2B).
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FIGURE 3
Construction of machine learning models based on OCC panel. (A) Prediction models based on machine learning algorithms and its calculated C-index of each model in the entire cohort. (B, C) The ROC curve of the OCC model based on random forest algorithm in the discovery (B) and validation cohort (C). (D, E) Kaplan–Meier curves of OS according to the OCC model in the discovery (D) and validation cohort (E).



TABLE 2 The mean C-indexes for discovery and validation cohorts in different models.
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Taken together, these results suggested that the OCC model based on random forest algorithm is superior to other machine-learning models based on OCC panel for predicting prognosis of HCC.



3.4 Comparison of the performance between OCC model and single predictors-based models

Previous studies reported that clinical characteristics like tumor diameter and clinical biomarker alterations like AST were also used to assess the prognosis of HCC in clinical practice (21, 22). Therefore, we compared the performance of OCC model with other independent prognostic indicators in predicting prognosis. As displayed in Figures 4A, B, OCC model had distinctly superior accuracy than the other single predictors-based cox models including tumor diameter, cirrhosis, PVTT, satellite nodules, ALT, AST, GGT, ALP and β2MG in both discovery and validation cohorts (all P < 0.05). In addition, we also displayed the predictive superiority of OCC model with other single predictors-based RSF models. The heatmap of C-index of OCC model and other clinical prognostic indicators demonstrated that OCC model always achieved the highest mean C-index in both discovery and validation cohorts (Figure 4C). These results suggested that the OCC model is superior to single predictors-based models for predicting prognosis of HCC.
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FIGURE 4
Comparison of the performance of OCC model and other single indicators in predicting OS. (A, B) The C-index comparison of OCC model and other clinical prognostic indicators using cox regression analysis in the training (A) and validation cohort (B). (C) The C-index comparison of OCC model and other clinical prognostic indicators using random forest algorithm in the discovery and validation cohorts.




3.5 The optimized OCC model performs robustly in predicting prognosis of HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy

Since our HCC patients 88.9% had cirrhosis and 85.9% had HBV, the subgroup analysis was meaningful for the entire cohort. Thus, prognosis model may be more applicable to patients with HBV, cirrhosis and so on. To assess whether our OCC model had the same or similar prognostic value in different populations, we used OCC model to predict survival of HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy. Univariate cox regression was performed in four populations for each indicator and observed that OCC model was positively associated with bad prognosis in both two cohorts in HCC patients with cirrhosis (Figure 5A). However, OCC model didn’t have consistent prognostic role in both two cohorts in HCC patients with aged less than 65, HBV or resection as first therapy. The heatmap of C-index of OCC model and other clinical prognostic indicators demonstrated that OCC model always achieved the highest C-index in discovery cohort for four subgroups (Figure 5B), especially in HCC patients with cirrhosis. In addition, the OCC model also achieved the highest AUC in HCC patients with cirrhosis (Table 3). Collectively, these results showed that OCC model provided a robust accuracy in predicting survival of HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy.
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FIGURE 5
Performance of OCC model in HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy. (A) The heatmap of univariate cox regression analysis of OCC model for HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy in discovery and validation cohort. (B) The heatmap of C-index of OCC model for HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy in discovery and validation cohort.



TABLE 3 The AUCs of OCC model for predicting OS in different subgroups.
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4 Discussion

To improve outcomes as much as possible, all of the patients with HCC in this study were treated with at least two of the following therapies: hepatic resection, liver TACE, radiofrequency ablation, and radiotherapy. Most patients were treated with TACE up to 10 times or with all of these therapies. Nevertheless, only one patient in the overall cohort ( < 0.25%) had a survival period > 10 years, and only 26 patients (6.5% of overall cohort) had a survival of > 5 years. Thus, the identification and screening of prognostic indicators and models have obvious clinical significance in assisting individualized treatment of patients with liver cancer by highlighting targets for therapeutic focus. As routine surveillance indicators, enzymes associated with liver function in the peripheral blood and imaging exams, such as ultrasound, are usually simple and accessible.

In this study, we performed univariable and multivariable cox regression analysis and found that tumor diameter, cirrhosis, PVTT, satellite nodules, ALT, AST, GGT, ALP and β2MG were independent prognostic factors. Subsequently, we defined these 9 markers as OCC panel and validation its prognostic value by cox regression analysis. Furthermore, different machine learning models were constructed to improve the discriminatory ability of OCC panel. Overall, the C-indexes and AUCs indicated an optimal discriminative ability of the random forest model based on OCC panel compared with other models based on single factors or OCC panel, suggesting that the described OCC model is a reliable model for evaluating prognosis.

Predictive performance was obviously improved through constructing models with tumor diameter, cirrhosis, PVTT, satellite nodules, ALT, AST, GGT, ALP and β2MG. Regarding tumor diameter, Michael et al. studied a large group of patients with different background liver diseases and found that tumor size alone was a limited prognostic factor (23). Our cox analysis showed that tumor diameter was an independent prognostic factor, but combined with other indicators, the prognostic performance would be better. This suggests that tumor size plays an important role in predicting the prognosis of patients. Cirrhosis was traditionally considered as cause of HCC (24), and cirrhosis was also an independent prognostic indicator. PVTT is common in patients with HCC, and those who develop PVTT usually have an aggressive disease course, decreased liver function reserve, limited treatment options, higher recurrence rates after treatment, and worse OS (25). In the single and multiple Cox regression analyses in the current work, patients with PVTT had a poor prognosis, confirming this association. Satellite nodules is a well-known risk factor for HCC, which usually cannot be detected on imaging modalities (26). Using our OCC panel, satellite nodules help to improve the prognostic stratification for HCC patients. Among 5 laboratory parameters, ALP is essential laboratory tests in the National Comprehensive Cancer Network guidelines for the treatment of liver cancer. Serum ALP generally arises from liver, kidney, and bone, so that its elevation does not necessarily trace solely to the liver. However, the source can be determined by combining multiple indicators and further analysis of ALP isozymes (27). Low ALP can indicate a healthy liver, suggesting why lower ALP values correlated with better prognosis in our cohorts. ALT, AST and GGT were related to liver functional impairment which might be caused by various diseases such as liver fibrosis and cirrhosis (28, 29). β2MG is a low molecular weight protein which is produced by lymphocytes, platelets, and multinucleated leukocytes, and was associated with prognosis of brain injury (30). Our cox regression analysis discovered the novel prognostic role of β2MG in HCC.

In this study, we used both traditional Cox regressions and several machine-learning algorithms to accurately predict survival time in HCC. Several studies have examined the significance of machine-learning techniques in cancer prognosis (31–34). When comparing accuracy among models in predicting OS in HCC patients, the RSF model was the best with highest mean C-index of 0.781 (95% CI, 0.765-0.798) in NCC cohort. Moreover, OCC model had the same or similar prognostic value in HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy. This survival-time–dependent prediction ability has been reported in other studies (35, 36), and different parameter combinations may have different prediction effects in patients with different prognoses. The advantage of our machine-learning model is that it allowed for precise grouping of smaller subsets of patients to classify subgroups more accurately with similar prognoses.

Our study has several strengths. Our study provides non-loss follow-up data of liver cancer patients receiving different treatments. This data is helpful for doctors to predict the prognosis of patients in the real world through easily available indicators, so as to personalize treatment and management. Secondly, our machine learning model was superior to conventional cox regression methods by assessing model performance such as both C-indexes and AUCs. In addition, the multiple variables-based panel was superior to single variable like tumor diameter when comparing RSF models based on both OCC panel and single OS-related indicators. Most similar investigations have constructed prognosis models for HCC patients undergoing monotherapy or limited treatment, such as liver resection, TACE, or chemotherapy (37–41). Inclusion of patients in our study was not limited based on specific therapy, so our models are more broadly generalizable in clinical practice.

Histopathological parameters such as macrovascular invasion or tumor differentiation may increase prognostic accuracy for HCC patients (42–44). However, < 40% of patients in the current cohort were unable to undergo resection and had no histopathological information available because of the advanced stage of the disease at diagnosis. Therefore, the application of histopathological parameters is extremely limited in constructing prognostic models. Ultrasound and enhanced computed tomography are crucial for clinical diagnosis of liver cancer, providing information about PVTT status and tumor size for the clinical evaluation of patients with HCC. The prognostic panel constructed in this study consisted of laboratory and imaging examinations for HCC patients with or without pathological diagnosis. For these reasons, we believe that our models can be easily developed in the future.

Our study also has several limitations. Firstly, it is a retrospective study with selection bias, and the results require further validation in larger population. However, this bias has been minimized through two independent cohorts. Secondly, the complexity of our RSF algorithm-based prognosis model hindered its application in clinical practice, but our available and repeatable codes avoided this problem.



5 Conclusion

In conclusion, we systematically evaluated the prognostic value of clinical laboratory and pathologic variables and constructed OCC signatures for predicting survival of HCC patients using machine learning methods. This study contributes to understanding of abnormal clinical characteristics in HCC and provides additional insight into risk stratification for these patients.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving humans were approved by the study is original and is not under consideration for publication in another journal. The study has been approved by the Medical Research Centre (MRC) at the National Cancer Center, China. All methods were performed in accordance with the relevant guidelines and regulations and according to the principles laid down in the Declaration of Helsinki. All the authors reviewed and approved the final manuscript. Due to the nature of this retrospective study and the preserved anonymity of patients, a waiver of informed consent was obtained from the Medical Research Centre (MRC) at the National Cancer Center, China. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation in this study was provided by the participants’ legal guardians/next of kin.



Author contributions

XL: Writing−review and editing, Data curation, Formal analysis. MM: Investigation, Software, Writing−review and editing. SM: Data curation, Software, Writing−review and editing. YW: Methodology, Writing−review and editing. CX: Data curation, Software, Writing−review and editing. YS: Data curation, Software, Writing−review and editing. YL: Writing−review & editing. ZW: Software, Investigation, Writing−review and editing. HG: Conceptualization, Validation, Writing−original draft, Writing−review and editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of the article. This work was supported by grants from the CAMS Innovation Fund for Medical Sciences (2022-I2M-C&T-B-080) and the Science and Technology Department Basic Research Project of Shanxi (202303021211225).



Conflict of interest

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



Publisher’s note

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



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmed.2024.1431578/full#supplementary-material



References

1. Ferlay J, Colombet M, Soerjomataram I, Mathers C, Parkin D, Piñeros M, et al. Estimating the global cancer incidence and mortality in 2018: GLOBOCAN sources and methods. Int J Cancer. (2019) 144:1941–53.

2. Su G, Altayar O, O’Shea R, Shah R, Estfan B, Wenzell C, et al. AGA clinical practice guideline on systemic therapy for hepatocellular carcinoma. Gastroenterology. (2022) 162:920–34.

3. Nault J, Villanueva A. Biomarkers for hepatobiliary cancers. Hepatology. (2021) 73:115–27.

4. Yang S, Liu L, Yang S, Liu L, Ren J, Fang X, et al. Preoperative serum α-fetoprotein and prognosis after hepatectomy for hepatocellular carcinoma. Br J Surg. (2016) 103:716–24.

5. Wu S, Lin Y, Ye H, Xiong X, Li F, Cheng N. Prognostic value of alkaline phosphatase, gamma-glutamyl transpeptidase and lactate dehydrogenase in hepatocellular carcinoma patients treated with liver resection. Int. J Surg. (2016) 36:143–51. doi: 10.1016/j.ijsu.2016.10.033

6. Lu L, Wei W, Kan A, Jie M, Ling Y, Li S, et al. Novel value of preoperative gamma-glutamyltransferase levels in the prognosis of AFP-negative hepatocellular carcinoma. Dis Mark. (2020) 2020:4269460. doi: 10.1155/2020/4269460

7. Ma H, Zhang L, Tang B, Wang Y, Chen R, Zhang B, et al. γ-Glutamyltranspeptidase is a prognostic marker of survival and recurrence in radiofrequency-ablation treatment of hepatocellular carcinoma. Ann. Surg. Oncol. (2014) 21:3084–9. doi: 10.1245/s10434-014-3724-4

8. Ren L, Chen D, Xu W, Xu T, Wei R, Suo L, et al. Predictive potential of nomogram based on GMWG for patients with hepatocellular carcinoma after radical resection. BMC Cancer. (2021) 21:817. doi: 10.1186/s12885-021-08565-2

9. Liao R, Wei X, Che P, Yin K, Liu L. Nomograms incorporating the CNLC staging system predict the outcome of hepatocellular carcinoma after curative resection. Front Oncol. (2021) 11:755920. doi: 10.3389/fonc.2021.755920

10. Xu X, Wan Y, Song S, Chen W, Miao R, Zhou Y, et al. Model based on γ-glutamyltransferase and alkaline phosphatase for hepatocellular carcinoma prognosis. World J Gastroenterol. (2014) 20:10944–52. doi: 10.3748/wjg.v20.i31.10944

11. Zhang L, Lv Y, Xu A, Wang H. The prognostic significance of serum gamma-glutamyltransferase levels and AST/ALT in primary hepatic carcinoma. BMC Cancer. (2019) 19:841. doi: 10.1186/s12885-019-6011-8

12. Qian W, Xiao-Jian J, Jun H, Liang L, Xiao-Yong C. Comparison of the value of multiple preoperative objective nutritional indices for the evaluation of prognosis after hepatectomy for hepatocellular carcinoma. Nutr Cancer. (2022) 74:3217–27. doi: 10.1080/01635581.2022.2069276

13. Zhang H, Zhou Y, Li Y, Qin W, Zi Y, Liu Y, et al. Predictive value of gamma-glutamyl transpeptidase to lymphocyte count ratio in hepatocellular carcinoma patients with microvascular invasion. BMC Cancer. (2020) 20:132. doi: 10.1186/s12885-020-6628-7

14. Ülger Y, Delik A. Prognostic value of international normalized ratio-to-albumin ratio and ferritin level in chronic liver patients with hepatocellular carcinoma. J Gastrointest Cancer. (2021) 53:1028–33. doi: 10.1007/s12029-021-00738-3

15. Shen Y, Xu Y, Wei J, Li W. The prognostic role of circulating FPR before operation in patients with BCLC A-C hepatocellular carcinoma: A retrospective cohort study. J Hepatocell Carcinoma. (2022) 9:467–76. doi: 10.2147/JHC.S369168

16. Zhang J, Wang H, Lin Y, Xu J, Wang J, Wang K, et al. Lactate dehydrogenase is an important prognostic indicator for hepatocellular carcinoma after partial hepatectomy. Transl Oncol. (2015) 8:497–503. doi: 10.1016/j.tranon.2015.11.006

17. Faloppi L, Scartozzi M, Bianconi M, Svegliati Baroni G, Toniutto P, Giampieri R, et al. The role of LDH serum levels in predicting global outcome in HCC patients treated with sorafenib: Implications for clinical management. BMC Cancer. (2014) 14:110. doi: 10.1186/1471-2407-14-110

18. Yang T, Lu J, Lau W, Zhang T, Zhang H, Shen Y, et al. Perioperative blood transfusion does not influence recurrence-free and overall survivals after curative resection for hepatocellular carcinoma: A propensity score matching analysis. J Hepatol. (2016) 64:583–93.

19. Groothuis-Oudshoorn K. Multivariate imputation by chained equations in R. J Stat Softw. (2011) 45:1–67.

20. Liu Z, Liu L, Weng S, Guo C, Dang Q, Xu H, et al. Machine learning-based integration develops an immune-derived lncRNA signature for improving outcomes in colorectal cancer. Nat Commun. (2022) 13:816. doi: 10.1038/s41467-022-28421-6

21. Zhou L, Rui J, Wang S, Chen S, Qu Q, Chi T, et al. Factors predictive for long-term survival of male patients with hepatocellular carcinoma after curative resection. J Surg Oncol. (2007) 95:298–303.

22. Mao M, Wang X, Song Y, Sheng H, Han R, Lin W, et al. Novel prognostic scores based on plasma prothrombin time and fibrinogen levels in patients with AFP-negative hepatocellular carcinoma. Cancer Control. (2020) 27:1073274820915520. doi: 10.1177/1073274820915520

23. Kluger M, Salceda J, Laurent A, Tayar C, Duvoux C, Decaens T, et al. Liver resection for hepatocellular carcinoma in 313 Western patients: Tumor biology and underlying liver rather than tumor size drive prognosis. J Hepatol. (2015) 62:1131–40. doi: 10.1016/j.jhep.2014.12.018

24. Huang D, Mathurin P, Cortez-Pinto H, Loomba R. Global epidemiology of alcohol-associated cirrhosis and HCC: Trends, projections and risk factors. Nat Rev Gastroenterol Hepatol. (2023) 20:37–49. doi: 10.1038/s41575-022-00688-6

25. Liu P, Huo T, Miksad R. Hepatocellular carcinoma with portal vein tumor involvement: Best management strategies. Semin Liver Dis. (2018) 38:242–51. doi: 10.1055/s-0038-1666805

26. Ikeda K, Seki T, Umehara H, Inokuchi R, Tamai T, Sakaida N, et al. Clinicopathologic study of small hepatocellular carcinoma with microscopic satellite nodules to determine the extent of tumor ablation by local therapy. Int J Oncol. (2007) 31:485–91.

27. Kaplan M. Alkaline phosphatase. Gastroenterology. (1972) 62:452–68.

28. Ceriotti F, Henny J, Queraltó J, Ziyu S, Özarda Y, Chen B, et al. Common reference intervals for aspartate aminotransferase (AST), alanine aminotransferase (ALT) and γ-glutamyl transferase (GGT) in serum: Results from an IFCC multicenter study. Clin Chem Lab Med. (2010) 48:1593–601. doi: 10.1515/CCLM.2010.315

29. Kazemi-Shirazi L, Endler G, Winkler S, Schickbauer T, Wagner O, Marsik C. Gamma glutamyltransferase and long-term survival: Is it just the liver? Clin Chem. (2007) 53:940–6.

30. Huo Q, Dong W, Gao Y, Zhang Y, Liu X, Yang L, et al. Effect of beta2-microglobulin in evaluating the severity and prognosis of brain injury: A clinical study. BMC Neurol. (2022) 22:327. doi: 10.1186/s12883-022-02850-8

31. Poirion O, Jing Z, Chaudhary K, Huang S, Garmire L. DeepProg: An ensemble of deep-learning and machine-learning models for prognosis prediction using multi-omics data. Genome Med. (2021) 13:112. doi: 10.1186/s13073-021-00930-x

32. Hu S, Gu S, Wang S, Qi C, Shi C, Qian F, et al. Robust prediction of prognosis and immunotherapy response for bladder cancer through machine learning algorithm. Genes (Basel). (2022) 13:1073.

33. Ren X, Shu J, Wang J, Guo Y, Zhang Y, Yue L, et al. Machine learning reveals salivary glycopatterns as potential biomarkers for the diagnosis and prognosis of papillary thyroid cancer. Int J Biol Macromol. (2022) 215:280–9. doi: 10.1016/j.ijbiomac.2022.05.194

34. Zhang Z, Huang L, Li J, Wang P. Bioinformatics analysis reveals immune prognostic markers for overall survival of colorectal cancer patients: A novel machine learning survival predictive system. BMC Bioinform. (2022) 23:124. doi: 10.1186/s12859-022-04657-3

35. Mao S, Yu X, Shan Y, Fan R, Wu S, Lu C. Albumin-bilirubin (ALBI) and monocyte to lymphocyte ratio (MLR)-based nomogram model to predict tumor recurrence of AFP-negative hepatocellular carcinoma. J Hepatocell Carcinoma. (2021) 8:1355–65. doi: 10.2147/JHC.S339707

36. Wang Q, Xia D, Bai W, Wang E, Sun J, Huang M, et al. Development of a prognostic score for recommended TACE candidates with hepatocellular carcinoma: A multicentre observational study. J Hepatol. (2019) 70:893–903. doi: 10.1016/j.jhep.2019.01.013

37. Cai Y, Zhang B, Li J, Li H, Liu H, Xie K, et al. A novel nomogram based on hepatic and coagulation function for evaluating outcomes of intrahepatic cholangiocarcinoma after curative hepatectomy: A multi-center study of 653 patients. Front Oncol. (2021) 11:711061. doi: 10.3389/fonc.2021.711061

38. Liu H, Zhang A, Qian N, Gao L, Xu L, Zhang W, et al. Postoperative transarterial chemoembolization benefits patients with high γ-glutamyl transferase levels after curative hepatectomy for hepatocellular carcinoma: A survival stratification analysis. Tohoku J Exp Med. (2012) 227:269–80. doi: 10.1620/tjem.227.269

39. Ma K, She W, Cheung T, Chan A, Dai W, Fung J, et al. Validated nomogram for the prediction of disease-free survival after hepatectomy for hepatocellular carcinoma within the Milan criteria: Individualizing a surveillance strategy. Surg Today. (2019) 49:521–8. doi: 10.1007/s00595-019-1764-x

40. Mai R, Lu H, Bai T, Liang R, Lin Y, Ma L, et al. Artificial neural network model for preoperative prediction of severe liver failure after hemihepatectomy in patients with hepatocellular carcinoma. Surgery. (2020) 168:643–52.

41. Ye J, Mai R, Guo W, Wang Y, Ma L, Xiang B, et al. Nomogram for prediction of the international study Group of Liver Surgery (ISGLS) grade B/C Posthepatectomy liver failure in HBV-related hepatocellular carcinoma patients: An external validation and prospective application study. BMC Cancer. (2020) 20:1036. doi: 10.1186/s12885-020-07480-2

42. Faber W, Sharafi S, Stockmann M, Denecke T, Sinn B, Puhl G, et al. Long-term results of liver resection for hepatocellular carcinoma in noncirrhotic liver. Surgery. (2013) 153:510–7.

43. Dai T, Deng M, Ye L, Lin G, Liu R, Deng Y, et al. Nomograms based on clinicopathological factors and inflammatory indicators for prediction of early and late recurrence of hepatocellular carcinoma after surgical resection for patients with chronic hepatitis B. Ann Transl Med. (2021) 9:12. doi: 10.21037/atm-20-1353

44. Mai R, Zeng J, Meng W, Lu H, Liang R, Lin Y, et al. Artificial neural network model to predict post-hepatectomy early recurrence of hepatocellular carcinoma without macroscopic vascular invasion. BMC Cancer. (2021) 21:283. doi: 10.1186/s12885-021-07969-4


Copyright
 © 2024 Lou, Ma, Ma, Wu, Xuan, Sun, Liang, Wang and Gao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		The prognostic role of an optimal machine learning model based on clinical available indicators in HCC patients



		1 Introduction



		2 Materials and methods



		2.1 Diagnosis of HCC



		2.2 Data collection and inclusion and exclusion criteria



		2.3 Liver-related hematological markers and laboratory methods



		2.4 Data preprocessing



		2.5 Panel generation and validation



		2.6 Machine-learning model development



		2.7 Statistical analysis







		3 Results



		3.1 Patient characteristics



		3.2 Prognosis panel design and validation



		3.3 Establishment of an optimal Model Based on OCC Panel for Prognosis predicting of Patients With HCC



		3.4 Comparison of the performance between OCC model and single predictors-based models



		3.5 The optimized OCC model performs robustly in predicting prognosis of HCC patients with HBV, aged less than 65, cirrhosis or resection as first therapy







		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary Material



		References

















OPS/images/cover.jpg
& frontiers | Frontiers in Medicine

The prognostic role of an
optimal machine learning
model based on clinical

available indicators in
patients

CE












OPS/images/logo.jpg
¥ frontiers | Frontiers in Medicine







OPS/images/fmed-11-1431578-g005.jpg
A discovery cohort validation cohort

Type Signature

HBV
H P>0.05 [ |ALP
- I Risky |ALT

age<65

Cirrhosis

| | Tumor diameter
Resection

discovery cohort validation cohort

_
C-index Signature
0.9 ALP
0.8 ALT
07 AST
S | Ew
| GGT
0.5 OCC model

Cirrhosis lll Il I
IIIIIIIII I i

H R D e

HBV

Satellite nodules
PVTI
Tumor diameter






OPS/images/fmed-11-1431578-g001.jpg
Hepatobiliary malignancy with survival data at the National Cancer Center from November 2010
to April 2019 (n=1758)

Exclusion criteria:

Cholangiocarcinoma or mixed HCC (n=47)

Incomplete clinical and follow-up data (n=924)

presence or history of other cancers, initial therapy related to tumor not administered at the NCC (n=30)

v
757 cases with missing value processing, finally 696 HCC patients were included in this study

! !

Discovery cohort (n=485) Internal validation cohort (n=211)

l Univariable Cox regression (P<0.05,HR#1)
Multivariable Cox regression (P<0.05,HR#1)

OCC Panel design and validation

l l HCC patients at the Shanxi Province Cancer
Hospital from Janua/I 2018 to March 2022

Development of cox model Development of machine learning models

External validation cohort (n=245)

Single variable models based on random
survival forest algorithm were used to
compare with the optimal OCC model

——» Aoptimal OCC model based on random survival forest
algorithm was built and evaluation through C-index

Evaluation of OCC model in HCC patients with HBV, cirrhosis, aged
< 65 or resection as first therapy





OPS/images/fmed-11-1431578-g002.jpg
A pvalue Hazard ratio B pvalue Hazard ratio

Sex 0.644 0.941(0.725-1.220) === Tumor diameter <0.001 1.071(1.038-1.106) =

Age 0.145 1.007(0.998-1.017) . o

Tumor diameter  <0.001 1.131(1.104-1.158) & Cirrhosis <0.001 2.471(1.684-3.626) -

HBV 0.147 0.833(0.651-1.066) i PVTT 0.011 1.653(1.124-2.430) — —

ikl 94159 | Z2aBE=100) T LNM 0.331 1.337(0.744-2.401) —_—

Cirrhosis <0.001 2.354(1.622-3.416) R —

PVTT <0.001 2.685(1.932-3.731) i — Satellite nodules <0.001 1.990(1.472-2.692) ——

LNM <0.001 2.362(1.423-3.923) e — AFP 0.509 1.000(1.000-1.000) i

Satellite nodules ~ <0.001 1.865(1.395-2.494) —_—— e . o B 5608} &

AFP <0.001 1.000(1.000-1.000) a ' ‘ ‘ ‘

ALT 0.002 1.004(1.001-1.006) i AST 0.006 1.006(1.002-1.011) g

AST <0.001 1.008(1.006-1.010) . LDH 0446  0.999(0.998-1.001) =

LDH <0.001 1.003(1.002-1.004) m . 0 036 T s

GGT <0.001 1.003(1.002-1.004) - B 03 ANIGLOGISH00E) .

ALP <0.001 1.006(1.005-1.007) ® ALP <0.001 1.004(1.003-1.006) iy

CK 0.021 0.997(0.995-1.000) . CK 0.727 1.000(0.998-1.003) "

TBA <0.001 1.014(1.009-1.019) 5

TBIL <0.001 1.025(1.015-1.034) B TBA 0.371 0.996(0.988-1.004) =

DBIL <0.001 1.037(1.028-1.047) ® TBIL 0.617 1.007(0.981-1.033) al

CHOL 0.781 0.985(0.883-1.098) - —— 5,550 1.020(0.978-1.064) .

HDL-CHO 0.113 0.790(0.591-1.057)  emmilimmsn

LDL-CHO 0.757 0.981(0.866-1.110) - F2MG 0.005 1.200(1.058-1.361) =

B2MG <0.001 1.386(1.248-1.540) - Transferrin 0.498 0.999(0.997-1.002) »

Transferri 0.048 0.998(0.995-1.000 ®

SRl (© ) ALB 0.056  0.971(0.941-1.001) m

TP 0.366 0.992(0.975-1.009) "

ALB <0.001 0.928(0.908-0.948) B PALB 0.203 0.986(0.966-1.007) ]

PALB <0.001 0.940(0.924-0.957) a O 050 1. 2.0 4.0
050 10 20 40 Hazard ratio

Hazard ratio





OPS/images/fmed-11-1431578-g003.jpg
RSF

GBM;
StepCox[forward];
StepCox[both];
StepCox[backward];
Enet[a=0.5];
Enet[a=0.4];
Enet[a=0.3];
Enet[a=1];
Enet[a=0.7];
Enet[a=0.8];
Enet[a=0.9];
Enet[a=0.6];
Enet[a=0.2]
Enet[a=0.1];
Enet[a=0];
plsRcox:

SuperPC;
survival-SVM;
StepCox[both] + survival-SVM:
StepCox[backward] + survival-SVMj

CoxBoost:

o
o

0

o
N
o

0.50
C-index

©
~
(&)}

I © .
0] Q A
) o
- 2
3 3
P S 3050
() ()
I 3
— —
0.25- AUC of 1 year = 0.923 0.25- AUC of 1 year = 0.697
[ 57, 7 e AU 3 et s
_ AUC of 5 years = 0.943 AUC of 5 years = 0.757
_ 0.00 0.25 0.50 0.75 1.00 0.00 0.25 050  0.75 1.00
False positive rate False positive rate
1 ° ;
1.00s m= High risk 1.001 == High risk
©
I S
_ 0.75¢ > 0.751
Y =]
& 0
C :
— 0.50; o 0,507
© 3
1 0 3
1 ° 3
0.251 S 0.25;
I *
p < 0.0001 _
— 000} P~ 00005
_ 0 1000 2000 3000 4000 0 500 1000 1500 2000
Time (days) Time (days)





OPS/images/fmed-11-1431578-g004.jpg
A discovery cohort
OCC model+ : O

AST - : @ it
ALP - O -
Tumor diameter- : O *kk
GGT- -
ALT - -.JI
B2MG+ O .
Cirrhosis- O : -
PVTT- ) :
Satellite nodules- @) : Kok
0.7 0.9

discovery cohort

o II II lI

validation cohort

|
OCC model- - -
Tumor diameter- : -
AST' * *
|
GGT + == wk
|
ALP' -q— ek
B2MG - _.ll-
ALT' —.—l kK
|
Satellite nodules- @ | *okok
PVTT - ® :
Cirrhosis+ O -
|
0.5 0.7 0.9
C-index Signature
- AP
0.8 - |ALT
0.7 __|AST
0.6 B2MG
05 Cirrhosis
' |GGT
0.4 OCC model

" Satellite nodules

Tumor diameter





OPS/images/cross.jpg
©

|





OPS/images/fmed-11-1431578-t001.jpg
Discovery cohort Validation
(n = 507) cohort (n = 219)
Age (mean (SD)) 56.5 (10.6) 55.6 (11.1) 0.268
Sex (%) female 86 (17.0) 36 (16.4) 0.948
male 421 (83.0) 183 (83.6)
HBV (%) No 96 (18.9) 32 (14.6) 0.195
Yes 411 (81.1) 187 (85.4)
HCV (%) No 468 (92.3) 204 (93.2) 0.808
Yes 39(7.7) 15 (6.8)
Cirrhosis (%) No 80 (15.8) 27 (12:3) 0.276
Yes 427 (84.2) 192 (87.7)
Tumor diameter (mean (SD)) 52(3.3) 5.2(3.3) 0.956
PVTT (%) No 468 (92.3) 209 (95.4) 0.168
Yes 39(7.7) 10 (4.6)
LNM (%) No 490 (96.6) 218 (99.5) 0.041
Yes 17 (3.4) 1(0.5)
Satellite nodules (%) No 461 (90.9) 193 (88.1) 0.306
Yes 46 (9.1) 26 (11.9)
AFP (median [IQR]) 38.3(5.2,751.2] 42.6 [6.0,768.1] 0.749
ALT (median [IQR]) 29.0 [21.0,43.5] 30.0 [23.0, 43.0] 0.438
AST (median [IQR]) 30.0 [22.5, 43.0] 30.0 [23.0, 41.0] 0.586
LDH (median [IQR]) 173.0 [153.0, 199.5] 172.0 [152.0, 191.5] 0.209
GGT (median [IQR]) 56.0 [33.0, 100.0] 53.0 [31.5, 87.0] 0.289
ALP (median [IQR]) 82.0[68.0, 103.0] 78.0 [65.5,99.5] 0.084
CK (median [IQR]) 69.0 [53.0, 100.5] 77.0 [56.0, 106.0] 0.086
TBA (median [IQR]) 6.0 [3.3,11.6] 5.2[2.8,9.8] 0.03
TBIL (median [IQR]) 12.4 [9.5,16.2] 12.2 [9.4,15.8] 0.563
DBIL (median [IQR]) 4.8[3.7,6.6] 4.6[3.8,6.2] 0.518
CHOL (median [IQR]) 4.1[3.6,4.7] 4.2[3.6,4.7] 0.688
HDL-CHO (median [IQR]) 1.2[0.9, 1.4] 1.1[0.9, 1.3] 0.113
LDL-CHO (median [IQR]) 2.6[2.1,3.2] 2.7 [2.2,3.2] 0.286
B2MG (median [IQR]) 2.0[1.8,2.4] 2.0 [1.7,2.4] 0.2
Transferrin (median [IQR]) 234.1 [210.5, 268.3] 230.1 [204.7, 262.6] 0.077
TP (median [IQR]) 70.2 [66.2,74.4] 70.5 [66.3, 74.3] 0.872
ALB (median [IQR]) 42.8 [39.6,45.5] 43.0 [39.2,46.0] 0.671
PALB (median [IQR]) 19.0 [15.0, 23.0] 19.0 [15.0, 24.0] 0.372
First therapy (%) Radiation 17 (3.4) 4 (1.8) 0.658
Resection 392 (77.3) 176 (80.4)
RFA 22 (4.3) 9 (4.1)
TACE 76 (15.0) 30 (13.7)






OPS/images/fmed-11-1431578-t002.jpg
Model C-index (95% Cl)
RSE 0.781 (0.765-0.798)
GBM 0.735(0.716-0.754)
Enet[a = 0.4] 0.714 (0.694-0.733)
Enet[a = 0.8] 0.714 (0.694-0.733)
Enet[a = 0.5] 0.714 (0.694-0.733)
Enet[a =0.7] 0.714 (0.694-0.733)
Enet[a =0.6] 0.714 (0.694-0.733)
Enet[a =0.3] 0.714 (0.694-0.733)
Enetfa =1] 0.714 (0.694-0.733)
Enet[a =0.9] 0.714 (0.694-0.733)
StepCox[backward] 0.713 (0.694-0.733)
StepCox[both] 0.713 (0.694-0.733)
StepCox|[forward] 0.713 (0.694-0.733)
Enet[a =0.2] 0.713 (0.694-0.732)
Enet[a=0.1] 0.713 (0.694-0.732)
Enet[a =0] 0.712 (0.693-0.731)
plsReox 0.711 (0.691-0.730)
SuperPC 0.641 (0.620-0.662)

StepCox[backward] + survival-SVM

0.602 (0.580-0.623)

StepCox[both] + survival-SVM

0.602 (0.580-0.623)

Survival-SVM

0.602 (0.580-0.623)

CoxBoost

0.500 (0.500-0.500)






OPS/images/fmed-11-1431578-t003.jpg
Cohort HBV Age < 65 Cirrhosis Resection
Discovery | Validation @ Discovery | Validation | Discovery | Validation | Discovery & Validation
cohort cohort cohort cohort cohort cohort cohort cohort
1 years AUC 0.852 0.57 0.854 0.590 0913 0.690 0.854 0.546
3 years AUC 0.876 0.559 0.887 0.582 0.930 0.730 0.851 0.516
5 years AUC 0.924 0.651 0.883 0.643 0.939 0.754 0.837 0.577






