

  healthcare-11-00925




healthcare-11-00925







Healthcare 2023, 11(6), 925; doi:10.3390/healthcare11060925




Article



Mortality Evaluation and Life Expectancy Prediction of Patients with Hepatocellular Carcinoma with Data Mining



Che-Yu Liu 1[image: Orcid], Chen-Yang Cheng 2, Szu-Ying Yang 3, Jyh-Wen Chai 1,4,5, Wei-Hao Chen 6 and Pi-Yi Chang 1,7,*





1



Department of Radiology, Taichung Veterans General Hospital, Taichung 407, Taiwan






2



Department of Industrial Engineering and Management, National Taipei University of Technology, Taipei 106, Taiwan






3



Nursing Department, Taichung Veterans General Hospital, Taichung 407, Taiwan






4



Section of Radiology, College of Medicine, China Medical University, Taichung 404, Taiwan






5



College of Medicine, National Chung Hsing University, Taichung 402, Taiwan






6



Institute of Business & Management, National Yang Ming Chiao Tung University, Taipei 100, Taiwan






7



Department of Industrial Engineering and Enterprise Information, Tunghai University, Taichung 407, Taiwan









*



Correspondence: bibichang1023@gmail.com







Academic Editors: Eiji Nakatani and Andrea Tittarelli



Received: 31 December 2022 / Revised: 11 March 2023 / Accepted: 15 March 2023 / Published: 22 March 2023



Abstract

:

Background: The complexity of systemic variables and comorbidities makes it difficult to determine the best treatment for patients with hepatocellular carcinoma (HCC). It is impossible to perform a multidimensional evaluation of every patient, but the development of guidelines based on analyses of said complexities would be the next best option. Whereas conventional statistics are often inadequate for developing multivariate predictive models, data mining has proven more capable. Patients, methods and findings: Clinical profiles and treatment responses of 537 patients diagnosed with Barcelona Clinic Liver Cancer stages B and C from 2009 to 2019 were retrospectively analyzed using 4 decision tree algorithms. A combination of 19 treatments, 7 biomarkers, and 4 states of hepatitis was tested to determine which combinations would result in survival times greater than a year in duration. Just 2 of the algorithms produced complete models through single trees, which made them only the ones suitable for clinical judgement. A combination of alpha fetoprotein ≤210.5 mcg/L, glutamic oxaloacetic transaminase ≤1.13 µkat/L, and total bilirubin ≤ 0.0283 mmol/L was shown to be a good predictor of survival >1 year, and the most effective treatments for such patients were radio-frequency ablation (RFA) and transarterial chemoembolization (TACE) with radiation therapy (RT). In patients without this combination, the best treatments were RFA, TACE with RT and targeted drug therapy, and TACE with targeted drug therapy and immunotherapy. The main limitation of this study was its small sample. With a small sample size, we may have developed a less reliable model system, failing to produce any clinically important results or outcomes. Conclusion: Data mining can produce models to help clinicians predict survival time at the time of initial HCC diagnosis and then choose the most suitable treatment.
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1. Introductory Statement


Hepatocellular carcinoma (HCC) is the 7th most prevalent cancer in the world and has the second-highest mortality rate, with an estimated 832,000 deaths worldwide in 2020, just below the level of lung cancer [1]. Even with improved treatment protocols and medication, the expected 5-year survival rate of patients with HCC is less than 20% [2]. Later-stage HCC is associated with even worse survival rates; patients diagnosed with Barcelona Clinic Liver Cancer (BCLC) stage B have a median survival time of 21.8 months, while BCLC stage C patients have a time of only 6.6 months [3].



The BCLC guidelines (updated in 2022) divided treatment modalities for HCC patients into two categories: curative and palliative therapy. Therapy selection is mainly based on tumor size, number of tumors, the extent of extrahepatic invasion, performance status, biochemical profile, severity of liver disease and complexity of comorbidity. The curative route—surgical resection, liver transplantation (LT), radiofrequency ablation, and microwave ablation—is specifically preserved for early-stage HCC or a solitary lesion with preserved liver function. The palliative route includes transarterial chemoembolization (TACE), hepatic artery infusion chemotherapy (HAIC), systemic chemotherapy, immunotherapy, and trans-arterial radioembolization (TARE) with Yttrium-90 and is prescribed for intermediate-to-late-stage HCC and those with extra-hepatic involvement or deteriorated and decompensated liver cirrhosis [4].



Due to the complex interactions between patient and disease factors in HCC treatment, a multidisciplinary approach is essential. Many therapeutic options for focal advanced disease have limitations in clinical practice. For example, TACE is contraindicated in patients with both intermediate HCC and untreatable arteriovenous fistula, since embolization may be expected to bring more harm than benefit. RFA is also contraindicated in patients with bleeding diathesis, even if the tumor size and location are suitable for this procedure. A successful treatment algorithm must account for all of these factors when generating its recommendations, which is difficult for the conventional statistical techniques utilized by most existing clinical studies. In recent years, novel techniques for data analysis have been developed to provide more nuanced and comprehensive clinical insights. Data mining, also known as “knowledge discovery in databases” (KDD), was applied in this study to explore the interconnections between multiple confounding variables affecting HCC treatment.



Several data mining strategies have been proposed, such as decision trees, clustering, association rules, artificial neural networks, etc. [5,6]. The concept behind decision trees is to develop a flow-chart-like model that can be generated from a root node and then through multiple internal nodes to reach the leaf nodes. Decision trees are able to deal with both discrete and continuous variables, handle records with missing values, and subdivide heavily skewed continuous data into ranges [7,8]. Besides, decision trees are also free of ambiguity, easy to interpret and use, and able to compare or correlate with current medical concepts developed using traditional statistic techniques [5].



As a consequence, this study proposed a data mining model to evaluate the relationships between biochemical profiles, treatment options and survival periods for those patients with intermediate- to advanced-stage HCC (BCLC stages B and C). With the aid of the models that were output, we sought to produce biochemical cut-off levels with which we could predict the expected survival time for every BCLC stage B and C patient.




2. Methods and Materials


This retrospective study was approved by the Institutional Review Board of Taichung Veterans General Hospital (IRB No. CE17306A), which waived the requirement for informed consent. We collected the clinical profiles and data of patients diagnosed with intermediate (BCLC stage B) and advanced HCC (BCLC stage C) from 2009 to 2019 from the archives of the Informatics Research and Development Center of Taichung Veterans General Hospital. Biological profiles were collected during a period of two months—one month before and after treatment. The characteristics or information of interest included treatment type, serocondition of viral hepatitis (hepatitis B, hepatitis C, hepatitis B&C, none), and survival time. Biological profile information was also collected: glutamic oxaloacetic transaminase (GOT), also known as aspartate aminotransferase (AST); glutamic pyruvic transaminase (GPT), also known as alanine aminotransferase (ALT); albumin (ALB); international normalized ratio (INR); alpha-fetoprotein (AFP); assessment information for retreatment with TACE score (ART); and total bilirubin (T-Bil).



The treatments we collected data for were as follows: (1) surgery; (2) systemic chemotherapy; (3) TACE; (4) symptomatic treatment (including palliative treatment); (5) refused treatment; (6) radiation therapy; (7) radio frequency ablation (RFA); (8) targeted drug therapy; (9) liver transplant; (10) immunotherapy; (11) Yttrium-90; (12) surgery + targeted drug therapy; (13) TACE + radiation therapy; (14) TACE + radiation therapy + targeted drug therapy; (15) TACE + radiation therapy + targeted drug therapy + immunotherapy; (16) TACE + targeted drug therapy; (17) TACE + targeted drug therapy + immunotherapy; (18) radiation therapy + targeted drug therapy; and (19) targeted drug therapy + immunotherapy. The key considerations for each HCC treatment modality are as follows:



Systemic chemotherapy: No HCC patient received systemic cytotoxic chemotherapy in this study. This was due to the elevated risk of adverse reactions such as myelosuppression.



TACE: Depending on tumor size and patients’ blood panel results, up to 40 mg of doxorubicin may be used during TACE. At our institution, factors such as large tumor size and abnormal liver function are indications for a more cautious and selective approach to chemoembolization. Modifications to the TACE protocol such as decreasing the dose of epirubicin or foregoing Gelfoam cubes may also be implemented, especially in patients with main portal vein thrombosis.



Radiation therapy: External beam radiation therapy (EBRT) at our institution was primarily reserved for treating portal vein thrombosis involving the main trunk and/or a major branch. HCC was included in the radiation field only if the tumor was in close proximity to the thrombosis site. EBRT for patients in this study was performed for 5 days a week via a 10–15 MV linear accelerator, with a median radiation dose of 45 Gy and fraction size of 1.8–3 Gy.



Refused treatment: Four patients refused any treatment due to personal reasons.



RFA: Patients with preserved liver function, small tumor size (<3 cm), and low lesion number (≤3) were selected for RFA. Median tumor number is 1, with a median tumor size of 1.6 cm.



Targeted therapy: Three target therapy drugs were prescribed during the study period, including Sorafenib, Regorafenib, and Lenvatinib. While the exact duration of prescriptions was not well documented for each patient, the target therapy group received no other interventions.



Immunotherapy: Nivolumab was used. The exact duration of prescription was also not well documented, but this group also did not receive any other treatment modality.



Yttrium-90: A two-step procedure for Yttrium-90 therapy was adopted. First, predictive dosimetry was performed using 99mTc-MAA SPECT/CT in order to quantify the lung shunting fraction and ratio of tumor to normal tissue. The expected radiation doses to the patient’s liver, lung, and tumor were then calculated based on a partition model. A radiation dosage of up to 100 Gy may be adopted without exceeding the safety threshold for lung and normal liver tissues. After careful patient selection and pre-treatment based on results of 99mTC-MAA SPECT/CT and radiation dose modeling, radioembolization with Yttrium-90 was performed.



Surgery: Wedge resection, segmentectomy and lobectomy with adequate surgical margins (>1 cm) were performed according to the expertise of specialist liver surgeons. At our institution, patients with multiple HCCs in one lobe were still eligible for curative lobectomy if clinical conditions permitted.



Survival time was divided into two categories: “≤1 year” and “>1 year.” The 1-year cutoff was chosen based on studies that indicate that roughly 50% of liver cancer patients survive for more than a year, which allowed for our data to be balanced. The date of initial HCC diagnosis, the date of last contact or death, and the survival status at the latter were all collected and used in this analysis.



Data Preprocessing and Variables Conversion


To make non-numeric data usable by machine learning models, they were converted into numeric data using one-hot encoding. Numerical data, like the six categories of blood parameters, was not converted.



If there was a missing value in a column, this patient was excluded from the study, as that meant that they may not have had the test performed and therefore could not undergo the same analysis as the other patients. Since decision trees are prone to overfitting if presented with outliers in the training data, patients with extreme outliers in blood test results (e.g., AFP > 484,000 mcg/L, etc.) were also excluded to improve the accuracy of the predictive models [9,10,11,12,13].





3. Data Mining Model


3.1. CART


In this study, the CART algorithm, which can handle two types of data in the case hospital, was used to calculate the Gini coefficient to construct a decision tree model. At each node, the CART algorithm tried to use each feature (i.e., input variable) for classification and compared the Gini coefficient under each feature classification, finally selecting the feature with the smallest Gini coefficient as the classification method of the node. The Gini coefficient could be interpreted as the possibility that the sample was wrongly classified in the subset (its data impurity, so to speak). As such, the smaller the Gini coefficient was, the clearer the classification result of the feature was also. If a node had D samples in its training set and i categories in its target variable, pi2 was the square of the probability of category i, and its Gini coefficient was:


  G i n i  D  = 1 −   ∑   i = 0  n   p i 2   



(1)







The best case for the Gini coefficient was 0, i.e.,    p i  = 1   and   G i n i  D  = 0  . In this case, all samples could be completely classified into the same category, indicating that the data impurity at this time was at its lowest.




3.2. Post-Pruning CART (PPC)


To both simplify the model and improve its accuracy, post-pruning of the CART results was performed by combining nodes with similar results. Ambiguous results were also pruned; for example, a hypothetical node with a 59% probability of “survival > 1 year” and a corresponding 41% probability of “survival ≤ 1 year” would not have been easily classified as one or the other and would therefore have been pruned.




3.3. Random Forest


Random forest is an extension algorithm of decision trees. Multiple decision trees were combined into a “forest,” and each decision tree in the forest was trained with data randomly allocated by the bootstrap method. Finally, bagging was used to give each tree a vote, and the result obtained by the majority vote was used as prediction.



Given a training set X = x1,…, xn, and its corresponding Y = y1,…, yn, K random sampling k = 1 , 2, …, K from the n samples of the training set was repeated (i.e., K trees were generated). The sample extracted from training set was Xk, Yk, and the number of the sample was nk. The features of Xk were also selected by random extraction, and the decision tree model fk of the Kth tree was trained by the sample from training set Xk, Yk. Finally, the sample was put back into the whole training set, meaning that each sampling was randomly selected from n samples. When the Kth tree was trained, the random forest model was generated:


   f ^  =  1 K    ∑   k = 1  K   f k    x ′    



(2)







The target variable of this study was categorical data, and there were only 2 such groups, namely, “survival > 1 year” and “survival ≤ 1 year”. If the number of votes in one of the groups was more than K/2, then that group was selected as the prediction. To avoid a tied vote situation,  K  was always an odd number.




3.4. XGBoost


XGBoost is also an algorithm for decision tree extension. It differs from random forest in that random forest uses bagging and each tree is independent, whereas XGBoost uses Boosting and each tree is related. XGBoost collected many weak learners into a strong learner (“boosting”); i.e., before each tree was generated, XGBoost increased the error weight of the previous tree, so that the new tree would “learn” the information of the previous errors and optimize the accuracy of the model.




3.5. Model Evaluation


Regarding classification, accuracy estimation is mainly based on the confusion matrix (aka “classification matrix” or “contingency table”). The accuracy of the model evaluated by a confusion matrix can be used to measure the confidence level of the classification.



There are five common evaluation indicators for classification:


   True   Positive   Rate  =   T P   T P + F N    











Divide the number of true-positive (TP for short) classifications by the total number of positive classifications. True Positive Rate is also called Sensitivity.


   True   Negative   Rate  =   T N   T N + F P    











Divide the number of true-negative (TN for short) classifications by the total number of negative classifications. True Negative Rate is also called Specificity.


   Precision    =   T P   T P + F P    











Divide the number of TP classifications by the sum of the number of TP classifications and the number of false-positive (FP for short) classifications.


   Recall    =   T N   F N + T N    











Divide the number of TP classifications by the sum of the number of TP classifications and the number of false-negative (FN for short) classifications.


   Accuracy    =   T P + T N   T P + T N + F P + F N    











The number of correct classifications is divided by the total number of testing sets.



Straus, Sharon E. et al. indicated that clinical significance can be evaluated through the likelihood ratio [14]. The likelihood ratio (LR) was calculated as follows:


  L R  +  =    Sensitivity      1 −    Specificity     



(3)






  L R  −  =   1 −    Sensitivity    Specificity    



(4)







If LR(+) of the model was greater than 2, and LR(−) was less than 0.5, the model was considered to have a significant degree of confidence. If the value of either LR(+) or LR(−) was between 0.5 and 2, the model was not considered to have clinical significance.



Descriptive Statistics


After data preprocessing, a total of 537 patients (401 men, 136 women; mean patient age: 65.7 ± 11.8 years) with liver cancer from 2009 to 2019 were included in this study. The classification of performance status is based on the ECOG Scale, with scale 0: 426, scale 1: 74, scale 2: 74, scale 3: 9 and scale 4/5: 0. The majority of patients had preserved liver function, with 293, 233 and 11 patients having Child–Pugh score of A, B, and C, respectively. A total of 63 patients had metastatic disease, with the lungs being the most common site of metastasis. There were 1 target variable and 29 input variables. The data were divided into 375 samples for the training set and 162 samples for the testing set. The distribution of categorical data is shown in Table 1, and the continuous data are shown in Table 2.



In terms of categorical data, survival time was the target variable for categorical data and was divided into “>1 year” or “≤1 year”. Each patient “adopted” only 1 of the 19 afore-mentioned treatments. Hepatitis is also mentioned in the Chapter Method, where it is elaborated that each patient with advanced liver cancer will only select one of the four hepatitis types as “yes”.






4. Results


CART divided the patients into 3 groups, based on “survival greater than 1 year” of less than 40%, between 40% and 60%, and greater than 60% (Figure 1 and Table 3). Post-pruning CART combined such subgroups into one (Subgroup 2b in Figure 2), which creates a simpler yet accurate induction method for clinical use.



To ensure that each model had a reasonable level of accuracy and feasibility, this study used a confusion matrix to calculate the sensitivity and specificity of each model. The use of different models specifying the maximum number of layers resulted in different accuracy scores. After selecting the models with the highest accuracy scores and specifying the maximum number of layers, LR(+) and LR(−) were then used to determine whether the models had clinical significance. Credible models were those with an LR(+) greater than 2 and LR(−) less than 0.5; any scores were not considered clinically significant.



All four models were considered credible and therefore clinically significant (Table 4). The random forest method had the highest level of accuracy; however, its output was not as easy to read as those of CART or post-pruning CART, and physicians would have needed to perform computer programming within the clinic to obtain usable prediction results. Therefore, this study chose to focus on post-pruning CART, which had the second highest accuracy, along with CART. As mentioned above, post-pruning CART had the further benefit of grouping together subgroups with the same result.



Table 5 breaks down the most commonly seen treatments for the patients in each subgroup of post-pruning CART, which were Group 1 and Subgroups 2a, 2b, and 2c, and the treatments with the highest >1-year survival rates. For example, in Group 1′s 375-sample training set, 102 patients showed a combination of alpha fetoprotein ≤210.5 mcg/L, glutamic oxaloacetic transaminase ≤1.13 µkat/L, and total bilirubin ≤ 0.0283 mmol/L, of which 80 patients survived for more than 1 year (>1-year survival rate of 78%). Surgery was the most commonly seen Group 1 treatment—45 patients underwent a procedure, accounting for 44% of the cohort. RFA was the most effective Group 1 treatment; a total of 7 patients received this treatment and survived for more than 1 year (>1 survival rate of 100%). This was followed by TACE + radiation therapy, received by 1 patient, which also had a 100% > 1 year survival rate.



The most commonly adopted treatments were surgery in Group 1 and TACE, symptomatic treatment (including palliative treatment), radiation therapy, and immunotherapy in the three Group 2 subgroups. The best treatments, in terms of >1-year survival rates, were RFA in Group 1 and RFA, TACE + radiation therapy + targeted drug therapy in the second group, and TACE + targeted drug therapy + immunotherapy in Group 2 subgroups.




5. Discussion


In this study of 537 patients with BCLC stage B or C HCC, we used four different data mining algorithms to seek out predictive relationships between survival rate and various biochemical markers that would be known at the time of HCC diagnosis. We set the survival interval cutoff value to be 1 year, which was in accordance with prior studies. According to previous study, the 1-year survival rate of 1 year for BCLC B and BCLC C was 52.5% and 27.0%, respectively. Additionally, in the study, which included total 1637 patients diagnosed with HCC of BCLC B and BCLC C, the 1 year survival rate was 41.5% [15]. Wang et al.’s study included 2347 patients with BCLC B and C disease and showed a 1-year survival rate 38.7% [16]. Another meta-analysis showed that the pooled BCLC B+C disease have 1-year survival rate of 34% (95% CI, 22–48) [17]. Other research has shown an overall survival time for HCC patients to be less than 20 months, a prediction which even includes the earliest stages of HCC [1].



Our model was developed to predict expected survival times based on the biochemical profile and treatment. The CART model with three layers presented a positive prediction rate of 72.2%. The first layer of CART was AFP, with a cutoff value of 201.5(mcg/L). In a prospective study, Gomez-Rodriguez et al. analyzed the relationship of BCLC and blood concentration of AFP to prognosis in 136 patients, subdividing serum AFP levels into three groups: AFP ≤ 20, 20–200 and >200(mcg/L). The median survival among each group was: AFP ≤ 20, 62.27 months; 20–200, 22.08 months; and >200 mcg/L, 5.39 months, which was considered significant (p < 0.0001) [18]. A retrospective study found that HCC patients with high AFP tended to have more aggressive presentations of HCC, including greater tumor burden, massive or diffuse types, and portal vein thrombosis, which made AFP level a negative prognostic indicator [19].



HCC patients in this study were treated based on both BCLC and consensus guidelines by the Taiwan Liver Cancer Association. If extrahepatic spread had already been present upon diagnosis, systemic therapy would be favored. In such cases, the patient’s liver function, intrahepatic tumor condition and the extent of vascular or portal invasion would be the focus of pre-treatment planning. In contrast, resection and local ablation techniques such as RFA have a larger role to play in the treatment of early HCC. Interestingly, while BCLC generally recommends surgical resection only in early HCC, indications for partial hepatectomy have been expanded according to consensus guidelines in Taiwan. Accordingly, curative resection may even be performed at our institution in patients with hepatic vein thrombosis ipsilateral to the tumor. Factors that make this possible include advances in surgical techniques, intensive post-operative care and careful case selection based on comprehensive evaluation of patient condition and liver function [20,21,22,23]. Regardless, TACE becomes a more promising treatment modality as tumor size and lesion number increases, making complete resection or local ablation less feasible.



TACE is one of the leading treatment options to prolong the survival of patients with intermediate to advanced HCC. However, of major concern to clinicians is post-TACE hepatic failure, for which no concrete or standardized definition currently exists, which makes comparing datasets from different studies or institutes difficult due to the heterogeneity of definition. Previous studies have reported a wide range of acute hepatic failure rates (0–48.6%), averaging 7.5% of patients, with most functional deteriorations restored to pre-TACE level before the next treatment episode and only 3.0–5.7% of patients suffering from irreversible functional damage [24,25]. Higher baseline serum total bilirubin has been found to be related to the occurrence of hepatic failure after TACE; however, the level of significance is inhomogeneous, which may be due to inconsistent use of definitions in these studies [24,25,26,27,28,29]. Two studies—one with 403 patients enrolled and the other with 268—revealed T-Bil to be a statistically significant independent predictor of survival in both univariate and multivariate analysis [26,30]. Tateishi et al. divided T-Bil levels into three groups—< 0.017, 0.017–0.034, and >0.034 mmol/L—and found that only the latter two were significantly correlated with survival rate (p = 0.0016 and < 0.0001, respectively). Greico et al. divided T-Bil level into two groups—<0.0257, and >0.0257 mmol/L—and found that the latter had a significant negative correlation with survival. In our study, T-Bil was one variable in the second layer of CART, with a cutoff value of 0.0283 mmol/L, which is in line with the conclusions of both Tateishi and Greico. Interestingly, Huang et al. found the monoethylglycinexylidide (MEGX) test to be a superior predictor of hepatic failure than T-Bil, with good sensitivity and specificity (94.7% and 97.6%, respectively), which presents a possible further area of study [29].



Recent studies have pointed out that albumin may play a role in growth inhibition and may have the ability to suppress HCC proliferation by seizing the cell cycle of HCC in the G1 phase [31,32]. Albumin levels are known to be closely related to liver function and this level is one of five characteristics that make up the Child–Pugh score. In a univariate analysis of 268 untreated patients, Grieco et al. found that albumin levels of <0.53 mmol/L had a significant negative correlation with survival time—22.3 months, versus 29.6 for ≥0.53 mmol/L (p < 0.001) [30]. Tateishi et al. found albumin levels of <0.53 mmol/L to be a significant independent predictor of survival in both univariate and multivariate analysis [26]. Our CART model produced two cutoff values, 0.39 and 0.55 mmol/L.



In addition, we also found that when patients with hepatitis and similar blood test results were compared, those with hepatitis B were prone to worse outcomes. Choi et al. found testing either hepatitis B- or hepatitis C-seropositive would worsen the patients’ survival time, with the former having a more significant impact [33]. However, both our results and Choi’s are exceptions to what has been shown elsewhere. Other studies have concluded that HCC patients with hepatitis C presented significantly higher hazard ratios in survival time [34,35]. Similarly, other research has shown that hepatitis C has a larger impact on life expectancy than hepatitis B, regardless of HCC diagnosis [36,37]. The incongruities between these findings and ours may be due to the differences between the computational methods of data mining and those of traditional statistics.



When analyzing Group 1, we found that, although surgery was the most commonly used therapy for BCLC stages B and C of HCC, RFA provided superior outcomes. However, prior research has found that RFA has significantly poor overall survival rates and recurrence-free survival in the following 5 years [38,39,40,41]. Nevertheless, RFA could be deployed as part of a combination therapy to optimize the efficacy of treatment for patient with poor hepatic function or unresectable HCC. RFA is also a choice for bridging therapy before liver transplantation, with some studies finding that bridging with RFA could decrease the dropout rate approximately 10–20%. The superior outcome of RFA in our study may have been due to a small sample size, some unseen selection bias, or those particular patients not being suitable for surgery because of physical status or anesthetic risk.



In our prediction model, most of the cutoff levels of the biochemical indicators were comparable to those found in the literature. Although our sample size was small for data mining in other fields, such as financial or marketing, our model was still able to produce results similar to those of literature based on classical statistics. However, our model also produced some contrary results; for example, in our model, patients with hepatitis and similar blood test results largely had hepatitis C and were likely to survive for more than 1 year, which conflicts with the results of most other studies. This led us to speculate that this sample size may have been too small to evoke the full potential of data mining, causing some concern about the accuracy of the model.



This study had a number of limitations. First of all, as a retrospective study, selection bias was inevitable, which made the enrolled dataset less representative of the target group, which comprised patients with HCC in BCLC stages B and C. Second, the sample size and training set were both relatively small, which may have caused the development of a less reliable model system and may have failed to produce any clinically important results or outcomes. In spite of these shortcoming, this pilot study has allowed us to develop and test new methods and techniques for predictive modeling. Once more patients with detailed clinical parameters have been enrolled to fine-tune the QSP model, it can be used to generate virtual patients that mitigate gaps in available clinical data [42]. With a larger sample size, not only would have the study sample more closely represented the actual population, but more datasets could have been used to train the model system, creating more reliable model systems. A third limitation is that several subgroups in the training set were composed of a limited number of patients, especially for Yttrium-90 and combination treatment. As a relatively novel treatment technique in Taiwan, Yttrium-90 therapy for HCC has only been available at our institution since the end of 2019. As for combination treatments, many are based on multidisciplinary approaches and required extensive discussions between specialists in different fields. Since most of the resulting treatment regimens are highly individualized, only a small number of patients received them. Since these patients still fit the study’s inclusion criteria, we did not think it was appropriate to exclude them from model training. Fourth the survival status and exact survival period were difficult to identify from the patient data culled from the Informatics Research and Development Center of our institute. If more precise survival data had been available to use to train the model system, we believe the ability of survival prediction would have improved dramatically. In the future, it may be possible to provide predictions with narrower intervals, rather than just with a dichotomized variable greater than or less than 1 year as cutoff value, which, while based on other studies in the literature, was admittedly somewhat arbitrary. Fifth, while this study focuses on applying data mining to biological profiles to suggest appropriate therapy strategies, in reality it is impossible to treat HCC patients without the use of imaging studies such as CT or MRI. Therefore, it will be necessary to integrate relevant image findings into future prediction models. Lastly, the biochemical profiles analyzed in this study were somewhat lacking in fine details. Subdividing the dataset using more sophisticated and in-depth characteristics would improve the reliability and strength of our prediction model.



In conclusion, this study developed a model that could help clinicians to predict patient’s survival time based only on the biochemical profile data available at the initial diagnosis of HCC and then choose the most suitable treatment based on objective data instead of relying solely on personal clinical experience. The results and cutoff values were largely comparable to those from other studies that were based on classical statistics, except for the viral etiology of hepatitis as a prognostic indicator. To develop improved models, larger data sets with more nuanced data must be used.







Author Contributions


Conceptualization, C.-Y.L. and P.-Y.C.; methodology, W.-H.C. and C.-Y.C.; software, W.-H.C.; validation, C.-Y.L. and C.-Y.C.; formal analysis, W.-H.C., C.-Y.C. and P.-Y.C.; investigation, P.-Y.C.; resources, S.-Y.Y. and J.-W.C.; data curation, S.-Y.Y. and J.-W.C.; writing—original draft preparation, W.-H.C.; writing—review and editing, P.-Y.C.; project administration, C.-Y.C. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


This article does not contain any studies with human participants or animals performed by any of the authors. This retrospective study was approved by the Institutional Review Board of Taichung Veterans General Hospital (IRB No. CE17306A), which waived the requirement for informed consent.




Data Availability Statement


The data are not publicly available due to privacy restriction.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Sung, H.; Ferlay, J.; Siegel, R.L.; Laversanne, M.; Soerjomataram, I.; Jemal, A.; Bray, F. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 2021, 71, 209–249. [Google Scholar] [CrossRef] [PubMed]

	



Siegel, R.L.; Miller, K.D.; Fuchs, H.E.; Jemal, A. Cancer statistics, 2022. CA Cancer J. Clin. 2022, 72, 7–33. [Google Scholar] [CrossRef]

	



Kim, B.K.; Kim, S.U.; Park, J.Y.; Kim, D.Y.; Ahn, S.H.; Park, M.S.; Kim, E.H.; Seong, J.; Lee, D.Y.; Han, K.-H. Applicability of BCLC stage for prognostic stratification in comparison with other staging systems: Single centre experience from long-term clinical outcomes of 1717 treatment-naïve patients with hepatocellular carcinoma. Liver Int. 2012, 32, 1120–1127. [Google Scholar] [CrossRef]

	



Reig, M.; Forner, A.; Rimola, J.; Ferrer-Fàbrega, J.; Burrel, M.; Garcia-Criado, Á.; Kelley, R.K.; Galle, P.R.; Mazzaferro, V.; Salem, R.; et al. BCLC strategy for prognosis prediction and treatment recommendation: The 2022 update. J. Hepatol. 2022, 76, 681–693. [Google Scholar] [CrossRef]

	



Priyam, A.; Abhijeeta, G.; Rathee, A.; Srivastava, S. Comparative analysis of decision tree classification algorithms. Int. J. Curr. Eng. Technol. 2013, 3, 334–337. [Google Scholar]

	



Decherchi, S.; Pedrini, E.; Mordenti, M.; Cavalli, A.; Sangiorgi, L. Opportunities and Challenges for Machine Learning in Rare Diseases. Front. Med. 2021, 8, 1696. [Google Scholar] [CrossRef]

	



Song, Y.-Y.; Ying, L. Decision tree methods: Applications for classification and prediction. Shanghai Arch. Psychiatry 2015, 27, 130. [Google Scholar]

	



Bellazzi, R.; Zupan, B. Predictive data mining in clinical medicine: Current issues and guidelines. Int. J. Med. Inform. 2008, 77, 81–97. [Google Scholar] [CrossRef]

	



AbdelMoez, W.; Kholief, M.; Elsalmy, F.M. Improving bug fix-time prediction model by filtering out outliers. In Proceedings of the 2013 the International Conference on Technological Advances in Electrical, Electronics and Computer Engineering (TAEECE), Konya, Turkey, 9–11 May 2013. [Google Scholar]

	



Sasikala, S.; Bharathidason, S.; Venkateswaran, C.J. Improving classification accuracy based on random forest model through weighted sampling for noisy data with linear decision boundary. Indian J. Sci. Technol. 2015, 8, 614–619. [Google Scholar] [CrossRef]

	



Smith, M.R.; Martinez, T. Improving classification accuracy by identifying and removing instances that should be misclassified. In Proceedings of the 2011 International Joint Conference on Neural Networks, San Jose, CA, USA, 31 July–5 August 2011. [Google Scholar]

	



Podgorelec, V.; Hericko, M.; Rozman, I. Improving mining of medical data by outliers prediction. In Proceedings of the 18th IEEE Symposium on Computer-Based Medical Systems (CBMS’05), Dublin, Ireland, 23–24 June 2005. [Google Scholar]

	



Thongkam, J.; Xu, G.; Zhang, Y.; Huang, F. Toward breast cancer survivability prediction models through improving training space. Expert Syst. Appl. 2009, 36, 12200–12209. [Google Scholar] [CrossRef]

	



Straus, S.E.; Glasziou, P.; Richardson, W.S.; Haynes, R.B. Evidence-Based Medicine E-Book: How to Practice and Teach EBM; Elsevier Health Sciences: Amsterdam, The Netherlands, 2018. [Google Scholar]

	



Wang, C.-Y.; Li, S. Clinical characteristics and prognosis of 2887 patients with hepatocellular carcinoma. Medicine 2019, 98, e14070–e14085. [Google Scholar] [CrossRef] [PubMed]

	



Wang, J.-H.; Changchien, C.-S.; Hu, T.-H.; Lee, C.-M.; Kee, K.-M.; Lin, C.-Y.; Chen, C.-L.; Chen, T.-Y.; Huang, Y.-J.; Lu, S.-N. The efficacy of treatment schedules according to Barcelona Clinic Liver Cancer staging for hepatocellular carcinoma—Survival analysis of 3892 patients. Eur. J. Cancer 2008, 44, 1000–1006. [Google Scholar] [CrossRef]

	



Cabibbo, G.; Enea, M.; Attanasio, M.; Bruix, J.; Craxì, A.; Cammà, C. A meta-analysis of survival rates of untreated patients in randomized clinical trials of hepatocellular carcinoma. Hepatology 2010, 51, 1274–1283. [Google Scholar] [CrossRef]

	



Gómez-Rodríguez, R.; Romero-Gutiérrez, M.; Artaza-Varasa, T.; González-Frutos, C.; Ciampi-Dopazo, J.J.; de-la-Cruz-Pérez, G.; Sánchez-Ruano, J.J. The value of the Barcelona Clinic Liver Cancer and alpha-fetoprotein in the prognosis of hepatocellular carcinoma. Rev. Esp. Enferm. Dig. 2012, 104, 298. [Google Scholar] [CrossRef] [PubMed]

	



Tangkijvanich, P.; Anukulkarnkusol, N.; Suwangool, P.; Lertmaharit, S.; Hanvivatvong, O.; Kullavanijaya, P.; Poovorawan, Y. Clinical characteristics and prognosis of hepatocellular carcinoma: Analysis based on serum alpha-fetoprotein levels. J. Clin. Gastroenterol. 2000, 31, 302–308. [Google Scholar] [CrossRef] [PubMed]

	



Llovet, J.M. Hepatocellular carcinoma. Lancet 2003, 362, 1907–1917. [Google Scholar] [CrossRef] [PubMed]

	



Andreou, A.; Vauthey, J.-N.; Cherqui, D.; Zimmitti, G.; Ribero, D.; Truty, M.J.; Wei, S.H.; Curley, S.A.; Laurent, A.; Poon, R.T.; et al. Improved long-term survival after major resection for hepatocellular carcinoma: A multicenter analysis based on a new definition of major hepatectomy. J. Gastrointest. Surg. 2013, 17, 66–77. [Google Scholar] [CrossRef] [PubMed]

	



Dahiya, D.; Wu, T.-J.; Lee, C.-F.; Chan, K.-M.; Lee, W.-C.; Chen, M.-F. Minor versus major hepatic resection for small hepatocellular carcinoma (HCC) in cirrhotic patients: A 20-year experience. Surgery 2010, 147, 676–685. [Google Scholar] [CrossRef] [PubMed]

	



Hsu, K.-Y.; Chau, G.-Y.; Lui, W.-Y.; Tsay, S.-H.; King, K.-L.; Wu, C.-W. Predicting morbidity and mortality after hepatic resection in patients with hepatocellular carcinoma: The role of Model for End-Stage Liver Disease score. World J. Surg. 2009, 33, 2412–2419. [Google Scholar] [CrossRef]

	



Marelli, L.; Stigliano, R.; Triantos, C.; Senzolo, M.; Cholongitas, E.; Davies, N.; Tibballs, J.; Meyer, T.; Patch, D.W.; Burroughs, A.K. Transarterial therapy for hepatocellular carcinoma: Which technique is more effective? A systematic review of cohort and randomized studies. Cardiovasc. Interv. Radiol. 2007, 30, 6–25. [Google Scholar] [CrossRef]

	



Chan, A.O.; Yuen, M.F.; Hui, C.K.; Tso, W.K.; Lai, C.L. A prospective study regarding the complications of transcatheter intraarterial lipiodol chemoembolization in patients with hepatocellular carcinoma. Cancer 2002, 94, 1747–1752. [Google Scholar] [CrossRef]

	



Tateishi, R. Proposal of a new prognostic model for hepatocellular carcinoma: An analysis of 403 patients. Gut 2005, 54, 419–425. [Google Scholar] [CrossRef]

	



Siriwardana, R.C.; Niriella, M.A.; Dassanayake, A.S.; Liyanage, C.A.H.; Upasena, A.; Sirigampala, C.; de Silva, H.J. Factors affecting post-embolization fever and liver failure after trans-arterial chemo-embolization in a cohort without background infective hepatitis—A prospective analysis. BMC Gastroenterol. 2015, 15, 1–5. [Google Scholar] [CrossRef] [PubMed]

	



Kohla, M.A.S.; Abu Zeid, M.I.; Al-Warraky, M.; Taha, H.; Gish, R.G. Predictors of hepatic decompensation after TACE for hepatocellular carcinoma. BMJ Open Gastroenterol. 2015, 2, e000032. [Google Scholar] [CrossRef]

	



Huang, Y.-S.; Chiang, J.-H.; Wu, J.-C.; Chang, F.-Y.; Lee, S.-D. Risk of hepatic failure after transcatheter arterial chemoembolization for hepatocellular carcinoma: Predictive value of the monoethylglycinexylidide test. Am. J. Gastroenterol. 2002, 97, 1223–1227. [Google Scholar] [CrossRef] [PubMed]

	



Grieco, A. Prognostic factors for survival in patients with early-intermediate hepatocellular carcinoma undergoing non-surgical therapy: Comparison of Okuda, CLIP, and BCLC staging systems in a single Italian centre. Gut 2005, 54, 411–418. [Google Scholar] [CrossRef]

	



Nojiri, S.; Joh, T. Albumin Suppresses Human Hepatocellular Carcinoma Proliferation and the Cell Cycle. Int. J. Mol. Sci. 2014, 15, 5163–5174. [Google Scholar] [CrossRef] [PubMed]

	



Bağırsakçı, E.; Şahin, E.; Atabey, N.; Erdal, E.; Guerra, V.; Carr, B.I. Role of Albumin in Growth Inhibition in Hepatocellular Carcinoma. Oncology 2017, 93, 136–142. [Google Scholar] [CrossRef]

	



Choi, G.-H.; Kim, D.-H.; Kang, C.-M.; Kim, K.-S.; Choi, J.-S.; Lee, W.-J.; Kim, B.R. Prognostic Factors and Optimal Treatment Strategy for Intrahepatic Nodular Recurrence After Curative Resection of Hepatocellular Carcinoma. Ann. Surg. Oncol. 2007, 15, 618–629. [Google Scholar] [CrossRef]

	



Brar, G.; Greten, T.F.; Graubard, B.I.; McNeel, T.S.; Petrick, J.L.; McGlynn, K.A.; Altekruse, S.F. Hepatocellular Carcinoma Survival by Etiology: A SEER-Medicare Database Analysis. Hepatol. Commun. 2020, 4, 1541–1551. [Google Scholar] [CrossRef]

	



Golabi, P.; Fazel, S.; Otgonsuren, M.; Sayiner, M.; Locklear, C.T.; Younossi, Z.M. Mortality assessment of patients with hepatocellular carcinoma according to underlying disease and treatment modalities. Medicine 2017, 96, e5904–e5989. [Google Scholar] [CrossRef]

	



Marcus, J.L.; Hurley, L.B.; Chamberland, S.; Champsi, J.H.; Korn, D.G.; Lai, J.B.; Lam, J.O.; Quesenberry, C.P., Jr.; Ready, J.; Saxena, V.; et al. Life Expectancy of Insured People with and without Hepatitis C Virus Infection, 2007–2017. Open Forum Infect. Dis. 2020, 7, ofaa044. [Google Scholar] [CrossRef]

	



Wang, T. Model of life expectancy of chronic hepatitis B carriers in an endemic region. J. Epidemiol. 2009, 19, 311–318. [Google Scholar] [CrossRef] [PubMed]

	



Guglielmi, A.; Ruzzenente, A.; Valdegamberi, A.; Pachera, S.; Campagnaro, T.; D’Onofrio, M.; Martone, E.; Nicoli, P.; Iacono, C. Radiofrequency ablation versus surgical resection for the treatment of hepatocellular carcinoma in cirrhosis. J. Gastrointest. Surg. 2008, 12, 192–198. [Google Scholar] [CrossRef] [PubMed]

	



Huang, J.; Yan, L.; Cheng, Z.; Wu, H.; Du, L.; Wang, J.; Xu, Y.; Zeng, Y. A Randomized Trial Comparing Radiofrequency Ablation and Surgical Resection for HCC Conforming to the Milan Criteria. Ann. Surg. 2010, 252, 903–912. [Google Scholar] [CrossRef] [PubMed]

	



Vivarelli, M.; Guglielmi, A.; Ruzzenente, A.; Cucchetti, A.; Bellusci, R.; Cordiano, C.; Cavallari, A. Surgical resection versus percutaneous radiofrequency ablation in the treatment of hepatocellular carcinoma on cirrhotic liver. Ann. Surg. 2004, 240, 102. [Google Scholar] [CrossRef]

	



Tiong, L.; Maddern, G.J. Systematic review and meta-analysis of survival and disease recurrence after radiofrequency ablation for hepatocellular carcinoma. Br. J. Surg. 2011, 98, 1210–1224. [Google Scholar] [CrossRef] [PubMed]

	



Sové, R.J.; Verma, B.K.; Wang, H.; Ho, W.J.; Yarchoan, M.; Popel, A.S. Virtual clinical trials of anti-PD-1 and anti-CTLA-4 immunotherapy in advanced hepatocellular carcinoma using a quantitative systems pharmacology model. J. Immunother. Cancer 2022, 10, e005414. [Google Scholar] [CrossRef] [PubMed]








[image: Healthcare 11 00925 g001 550] 





Figure 1. CART under Maximum 3 Layers. 
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Figure 2. Post-pruning CART. 
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Table 1. The Distribution of Categorical Data.
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Variables

	
Categories

	
Training Set

(n = 375)

	
Testing Set

(n = 162)

	
Total Set

(n = 537)






	
Survival Time

	
>1 year

	
154

	
71

	
225




	
≤1 year

	
221

	
91

	
312




	
Treatment

	

	

	

	




	
1

	
Surgery

	
adopt

	
105

	
47

	
152




	
2

	
Systemic chemotherapy

	
adopt

	
0

	
0

	
0




	
3

	
TACE

	
adopt

	
156

	
69

	
225




	
4

	
Symptomatic treatment (including palliative treatment)

	
adopt

	
25

	
10

	
35




	
5

	
Refused treatment

	
adopt

	
3

	
1

	
4




	
6

	
Radiation therapy

	
adopt

	
14

	
4

	
18




	
7

	
RFA

	
adopt

	
9

	
2

	
11




	
8

	
Targeted drug therapy

	
adopt

	
36

	
18

	
54




	
9

	
Liver transplant

	
adopt

	
0

	
0

	
0




	
10

	
Immunotherapy

	
adopt

	
1

	
0

	
1




	
11

	
Yttrium 90

	
adopt

	
0

	
0

	
0




	
12

	
Surgery + targeted drug therapy

	
adopt

	
1

	
0

	
1




	
13

	
TACE + radiation therapy

	
adopt

	
2

	
0

	
2




	
14

	
TACE + radiation therapy + targeted drug therapy

	
adopt

	
5

	
3

	
8




	
15

	
TACE + radiation therapy + targeted drug therapy + immunotherapy

	
adopt

	
0

	
0

	
0




	
16

	
TACE + targeted drug therapy

	
adopt

	
12

	
5

	
17




	
17

	
TACE + targeted drug therapy + immunotherapy

	
adopt

	
1

	
1

	
2




	
18

	
Radiation therapy + targeted drug therapy

	
adopt

	
3

	
2

	
5




	
19

	
Targeted drug therapy + immunotherapy

	
adopt

	
2

	
0

	
2




	
Hepatitis 1: Non-Hepatitis

	
yes

	
81

	
28

	
109




	
Hepatitis 2: Hepatitis B

	
yes

	
164

	
69

	
233




	
Hepatitis 3: Hepatitis C

	
yes

	
114

	
58

	
172




	
Hepatitis 4: Hepatitis B and C

	
yes

	
16

	
7

	
23








Abbreviation: TACE, transarterial chemoembolization; RFA, radiofrequency ablation.
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Table 2. The Distribution of Continuous Data.






Table 2. The Distribution of Continuous Data.





	Variables
	Training Set

(n = 375), Avg
	Testing Set

(n = 162), Avg
	Total Set

(n = 537), Avg





	GOT (µkat/L)
	1.51
	1.62
	1.54



	GPT (µkat/L)
	1.28
	1.23
	1.26



	ALB (mmol/L)
	0.55
	0.55
	0.55



	INR
	1.11
	1.10
	1.10



	T-bil (mmol/L)
	0.02
	0.02
	0.02



	AFP (mcg/L)
	21,003.15
	19,673.33
	20,601.97







Abbreviation: GOT, glutamic oxaloacetic transaminase (GOT); GPT, glutamic pyruvic transaminase; ALb, albumin; INR, international normalized ratio; T-Bil, total bilirubin; AFP, alpha-fetoprotein (AFP).
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Table 3. The Classification of CART.






Table 3. The Classification of CART.





	

	

	

	

	

	
Input Variables




	
Group

	
Subgroup

	
n = 375

	
1-Year Survival

	
Prediction

	
AFP

(mcg/L)

	
GOT

(µkat/L)

	
ALB

(mmol/L)

	
T-Bil

(mmol/L)

	
Hepatitis C






	
1

	

	
102

	
78%

	
>1 year

	
≤210.5

	
≤1.13

	
-

	
≤0.0283

	
-




	
2

	
2-1

	
4

	
0%

	

	
≤210.5

	
≤1.13

	
-

	
>0.0283

	
-




	

	
2-2

	
7

	
0%

	

	
≤210.5

	
>1.13

	
≤0.39

	
-

	
-




	

	
2-3

	
62

	
5%

	
≤1 year

	
>210.5

	
-

	
≤0.55

	
-

	
No




	

	
2-4

	
31

	
26%

	

	
>210.5

	
-

	
≤0.55

	
-

	
Yes




	

	
2-5

	
72

	
24%

	

	
>210.5

	
>0.71

	
>0.55

	
-

	
-




	
3

	
3-1

	
75

	
44%

	
≤1 year

	
≤210.5

	
>1.13

	
>0.39

	
-

	
-




	

	
3-2

	
22

	
59%

	
>1 year

	
>210.5

	
≤0.71

	
>0.55

	
-

	
-











[image: Table] 





Table 4. Accuracy of all Models.
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	Accuracy
	Sensitivity
	Specificity
	LR(+)
	LR(−)





	CART
	0.72
	0.70
	0.77
	3
	0.39



	Post-pruning CART
	0.72
	0.90
	0.48
	2
	0.21



	Random forest
	0.76
	0.74
	0.80
	4
	0.33



	XGBoost
	0.70
	0.71
	0.69
	2
	0.42
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Table 5. Clinical Use of Post-pruning CART.
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Input Variables

	
Most Common Treatment(s)

No. of Patients

(1-Year SR, %)

	
Treatment with Highest SR

No. of Patients

(1-Year SR, %)

	
Treatment with 2nd-Highest SR

No. of Patients

(1-Year SR, %)

	
Treatment with 3rd-Highest SR

No. of Patients

(1-Year SR, %)




	
Prediction

	
Group

	
Subgroup

	
n = 375

	
1-year Survival

	
AFP

(mcg/L)

	
GOT

(µkat/L)

	
T-bil

(mmol/L)

	

	

	

	






	
SR > 1 year

	
1

	

	
102

	
78%

	
≤210.5

	
≤1.13

	
≤0.0283

	
Surgery

45 patients (44%)

	
RFA

7 patients (100%)

	
TACE + RT

1 patient (100%)

	
Surgery

45 patients (82%)




	
SR ≤ 1 year

	
2

	
2a

	
4

	
0%

	
≤210.5

	
≤1.13

	
>0.0283

	
TACE 1 patient (25%)

ST 1 patient (25%)

RT 1 patient (25%)

IT 1 patient (25%)

	

	

	




	

	

	
2b

	
82

	
40%

	
≤210.5

	
>1.13

	

	
TACE 41 patients (50%)

	
RFA 1 patient (100%)

TACE + RT + TDT

1 patient (100%)

	
Surgery

20 patients (50%)

RT 2 patients (50%)

	
TACE

41 patients (41%)




	

	

	
2c

	
187

	
22%

	
>210.5

	

	

	
TACE 75 patients (40%)

	
RFA 1 patient (100%)

TACE + TDT + IT

1 patient (100%)

	
TACE + TDT

5 patients (60%)

	
RT + TDT

2 patients (50%)








SR—survival rate; No.—Number of patients; RFA—radiofrequency ablation; TACE—transarterial chemoembolization; RT—radiation therapy; ST—symptomatic treatment (including palliative treatment); TDT—targeted drug therapy; IT—immunotherapy.
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