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Abstract

:

The World Health Organization (WHO) predicted that 10 million people would have died of cancer by 2020. According to recent studies, liver cancer is the most prevalent cancer worldwide. Hepatocellular carcinoma (HCC) is the leading cause of early-stage liver cancer. However, HCC occurs most frequently in patients with chronic liver conditions (such as cirrhosis). Therefore, it is important to predict liver cancer more explicitly by using machine learning. This study examines the survival prediction of a dataset of HCC based on three strategies. Originally, missing values are estimated using mean, mode, and k-Nearest Neighbor (k-NN). We then compare the different select features using the wrapper and embedded methods. The embedded method employs Least Absolute Shrinkage and Selection Operator (LASSO) and ridge regression in conjunction with Logistic Regression (LR). In the wrapper method, gradient boosting and random forests eliminate features recursively. Classification algorithms for predicting results include k-NN, Random Forest (RF), and Logistic Regression. The experimental results indicate that Recursive Feature Elimination with Gradient Boosting (RFE-GB) produces better results, with a 96.66% accuracy rate and a 95.66% F1-score.






Keywords:


HCC; imbalance data; LASSO regression; ridge regression; random forest; recursive feature elimination












1. Introduction


The World Health Organization predicts that liver cancer will hit more than a million people in 2025, becoming a significant health issue worldwide. Most liver cancers are HCCs. Hospital admissions for HCC tripled between 1993 and 2005, leading to corresponding cost increases [1]. As a result of most HCC occurrences, hepatitis B and C have spread widely. Non-alcoholic steatohepatitis is associated with unique molecular pathogenesis [2].



HCC is found in patients who have cirrhosis or chronic liver disease [3]. A recent study revealed that liver cancer is the sixth-most-frequently diagnosed cancer worldwide, causing 600,000 deaths annually [4]. Therefore, early detection is essential to reduce the risk of death from HCC. In most cases, primary liver tumors develop into HCC [5]. Over 10% of HCC cases recur after five years [6]. Most deaths from cancer caused by HCC occur in the United States [7]. Early identification [8] is an effective strategy to avoid cancer, but it is difficult to detect due to the number of causes that cause cancer.



The use of machine learning regarding the HCC problem is motivated by two key factors. To begin with, enhancing a patient with HCC’s quality of life demands an accurate and quick diagnosis. The second reason is identifying relevant features to improve prediction-model accuracy.



The main aim of this work is structured as follows: The first step is to replace the missing values using the mean and mode method. The second step performs the following feature-selection methods on the data: logistic regression using LASSO and ridge regression; recursive feature elimination using a Gradient Boosting (GB) classifier and a RF classifier; and, finally, prediction utilizing DT, RF, LR, and k-NN algorithms. In addition, multiple feature-selection methods are utilized throughout this experiment to divide the data into two categories: alive and dead, depending on the dataset. Experimental work is carried out with missing-value replacements, data-preprocessing approaches, feature-selection methods, and classification algorithms. The major contributions of this work are:




	
Examine the impact of missing-value replacement using mean and mode approaches.



	
Utilize the feature-selection methods to select the relevant features causing HCC.



	
Assess the impact of different machine-learning algorithms in HCC classification.









2. Related Works


The authors [9] proposed two preprocessing methods for missing and heterogeneous data and used k-means clustering. In [10], a dataset of 4000 chronic hepatitis C patients diagnosed at Cairo University’s multidisciplinary hospital is used with linear regression. The dataset is balanced using Synthetic Minority Over-sampling Technique (SMOTE) methods. The performance of LR and Neural Networks (NN) is 75.2% and 73%, respectively. CART, ADTree, and REP-Tree models give an excellent area under the receiver-operating-characteristic curve (AUROC), ranging between 95.5% and 99%. The high accuracy of HCC diagnosis ranges between 93.2% and 95.6%.



According to Książek and Gandor [11], LR is the best-known machine-learning model for binary classification. The authors proposed three experiments: genetically selecting logistic-regression parameters, selecting features, and training a logistic-regression model with genetically determined coefficients (weights) with an F1-score of 93.56%. Iterative optimization is employed to optimize the logistic-regression coefficients. First, Chronic Kidney Disease data is preprocessed by employing missing data-handling methods with mean and mode of statistical analysis [12]. Then, Recursive Feature Elimination (RFE) is applied to select the best relevant features. In that analysis, the classification algorithms used are SVM, k-NN, DT, and RF. Random Forest surpassed all competing algorithms with 100% accuracy based on all measures.



For prediction, the author [13] used fifteen different models for the HCC dataset. Several methods have evaluated the feature weights, including L-1 penalty or LASSO regression, L-2 penalty or ridge regression, Genetic Algorithm Optimization, and Regression Function. The RFGBEL model achieves 93.92% accuracy, 94.73% sensitivity, 93% F-1 score, a Log-Loss or cross-entropy score of 58.9%, and 72% Jaccard. Weighted Synthetic Minority Over-sampling Technique (WSMOTE) is an effective method for dealing with dataset imbalances for liver disease [14]. The Improved Fuzzy C Means clustering technique is applied to substitute missing information to increase the overall accuracy of the study. Combining Kernel Support Vector Machine and Fuzzy Convolutional Neural Network (FCNN) yielded a heterogeneous ensemble classifier that used Bootstrap aggregation to obtain accurate results. It has a classification rate of 99.12%, whereas other methods such as MCNN and FCNN have 90.75% and 92.48%, respectively.



The author [15] proposed an RFE-GB algorithm for heart disease. The proposed algorithm produced the greatest results (90.7%). Furthermore, the proposed RFE-GB algorithm has a significantly higher area under the curve than other algorithms. The robustness of HCC is assessed [16] with improved Fuzzy C Means clustering to impute missing values. The optimal feature subset is selected using multiple ensemble methods. Experimental results from the proposed scheme demonstrate that FCNN is more accurate in classifying than other techniques with precision, recall, F-measure, and accuracy scores of 90.78%, 97.36%, 93.96%, and 92.48%, respectively.



As a result of an inability to properly metabolize glucose, diabetes illnesses are becoming more prevalent [17]. The author in [18] proposed dynamic RFE (dRFE) for identifying the subset of features most closely associated with the class labels. The feature-selection scheme comprises RFE and L2 regularization in the wrapper-based method for diabetes, to overcome the overfitting problem. The algorithm predicts diabetes disease more accurately than other existing algorithms. In both of the datasets, GSE53045 and GSE66695, 100% accuracy is achieved. For the other three methylome datasets, GSE74845, GSE103186, and GSE80970, the best prediction accuracy obtained is 92.59%, 94.24%, and 86.01%, respectively.



Cervical cancer [19] prediction utilized SMOTE to balance classes and impute missing values in data preprocessing. The firefly algorithm is applied to identify the critical features and optimize the models. The Extreme GB is more accurate than the other two life-expectancy datasets in determining the target variables [20]. Additionally, visualizing, normalizing, data cleaning, reducing the number of features, etc., are applied. The accuracy of the three models is improved, with 95.32% for linear regression considering all attributes. Likewise, HCC [21] is diagnosed based on real-world data collected during medical practice. According to the most accurate hyperparameter, GB delivered an Area Under the Curve of 0.940, when used with the presence of HCC. The accuracy of the des-gamma-carboxyprothrombin, alpha-fetoprotein, and AFP-L3 used to predict disease progression is 74.91%, 70.67%, and 71.05%, respectively.




3. Proposed Framework


The proposed study uses machine-learning techniques to perform the classification of HCC. For data classification, four algorithms are applied: RF, k-NN, DT, and LR. When dealing with unbalanced data, a random oversampling method is applied. Finally, the embedded and wrapper methods are employed to identify the essential features. Figure 1 illustrates the conceptual framework for the research.



3.1. Data Preprocessing


For this study, the database is taken from UCI’s repository. The dataset contained information about 165 patients with 49 features. Twenty-six qualitative and twenty-three quantitative variables are considered [9]. The data contain a lot of missing values. Furthermore, only four patients have complete information in the data. The dataset has an unbalanced distribution of classes (102 versus 63). The detail of the dataset is given in Table 1.



The dataset is cleaned up in the preprocessing stage because it contains missing values. The dataset contains four instances that are filled, while the rest are with missing data. The dataset consists of binary-, ordinal-, and scalar-type features. Two methods are used for the missing values: mean and mode and the k-NN method.




3.2. Handling Missing Values


Table 1 also shows the number of missing values for each feature. The values vary between 0 and 80 for specific features. The missing values for binary and ordinal features are substituted with the mode and mean method. Mode refers to a number or the value appearing most often in a dataset. A mean is the arithmetic average of all data points in a collection for scalar-type features. It is computed by adding the values in a dataset and dividing it by the total number of records, as represented in Equation (1).


   x ¯  =   ∑ x  N   



(1)




where x represents values and N denotes the number of records.



A point in a multidimensional space matched with its k-NN is beneficial [22] to associate with an instance. This method is especially useful in dealing with missing data that is continuous, discrete, ordinal, or categorical. First, a Euclidean distance metric with ten nearest neighbors is used to impute missing values. For each feature, the mean value is replaced against the missing values.




3.3. Random Oversampling/Undersampling


A significant component of machine learning lies with the distribution of data. An imbalanced dataset [23] indicates that some classes have a higher number of instances than others. As shown in Figure 2, the dataset includes an imbalanced set of data (63 versus 102). Random oversampling/undersampling is a method used to duplicate the data from the minority class, add it to the training set, and remove the data from the majority class as well as from the training set to make the data balanced. This process is repeated until the minority class is balanced with the majority class. Figure 3 shows the balanced data after applying the random oversampling/undersampling method.




3.4. Feature Selection


Feature selection has become a key component for attaining the most desirable subset of features. An algorithm for feature selection proposes a solution based on the distinct feature subsets and ranks those subsets based on three criteria: embedded, wrappers, and filters. This work examines two methods, wrapper and embedded.



3.4.1. Wrapper Method


The wrapper method identifies the most suitable feature for machine-learning algorithms, and the main goal is to enhance the learning process. A machine-learning algorithm is needed in a wrapper method, and its performance is used as an evaluation criterion. Unfortunately, wrapper methods [24] are over-complicated, though they produce the most reliable outcomes based on the explicit-learning technique [25].



RFE is a common approach that combines other machine-learning techniques. Lately, RFE has emerged as a method employed in numerous biomedical fields such as protein classification, selection of genes [26,27], areas of expression analysis, cancer diagnosis, and many others [28]. These methods are created iteratively and determine each feature’s best or worst traits. Once all elements are explored, these methods rank the models according to how features have been eliminated. The importance of specific attributes increases until it reaches an appropriate level [26].



The GB algorithm is used in the GB-RFE method to train the classifier. Boosting applies a sequential-training approach, where every learner tries to change the previous one. Loss functions are calculated as gradients, indicating how well the model coefficients fit the data. This research estimates feature importance with a frequency-based measure of algorithm performance called the Gini index, per Equation (2). The Gini-index value is high for an important feature. Class variable c denotes the number of observations in the class; it indicates the ratio of both instances where each node has its particular type.


   W G  =   ∑   j = 1  c   p 2  j  



(2)







An ensemble method such as RF bagging becomes an excellent method in prediction accuracy, performing a great representative for bagging algorithms. RF algorithms use two methods to calculate feature importance from a training model and measure variable significance. Equation (3) computes the relevant ranking of the features. The mean reduction in accuracy shows that the model accuracy reduces when the variable values are adjusted [29,30]. This metric quantifies how observation lowers node impurity over time, weighted by the proportion of data reaching that node, with a mean drop in the Gini coefficient.


    W R    (  X i    ) =     ∑  t ∈ B     VI  t   X i    n t r e e     



(3)







In this work, we have used n_estimators = 100, random_state = 10, and n_features_to_select = 1–30, which are chosen as the optimal hyperparameters of RFE-RF that help in selecting the most important features.




3.4.2. Embedded Method


The author of [31] represented a geometrical approach for analyzing high-dimensional data. An embedded method performs feature selection during the model creation process itself. A regularization method is one of the most used methods for penalizing a feature based on a coefficient threshold [32]. If the objective function connects with the absolute values concerning the model parameters, LASSO (L1) regularization allows a penalty term by shrinking some coefficients to zero [33]. L1 provides the regression coefficients to be overcome to zero, collecting aggregated important features concurrently. Equation (4) illustrates how to determine the outcome. A regularization parameter lambda provides the model input. A higher lambda reduces overfitting. We have used C = 0.3, penalty = ‘l1’, solver = ‘liblinear’, and max_iter = 300 as the optimal hyperparameters of GB-RFE that help in selecting the most important features.


    ∑   i = 1  n     (   y i  −   ∑   j = 1  p   x  i j    β j   )   2  + ⋋   ∑   j = 1  p  |  β j  |  



(4)







In Ridge (L2) regularization, the function is penalized for adding the sum of the squares from the model parameters. The author of [3] described that L2 regularization is a method that accounts for nearly all the features and attempts to withdraw many coefficient measures towards zero in Equation (5).


    ∑   i = 1  n     (   y i  −   ∑   j = 1  p   x  i j    β j   )   2  + ⋋   ∑   j = 1  p     β j   2   



(5)




when a lambda is too large, it adds too much weight and causes underfitting. Meanwhile, overfitting is avoided effectively with the L2-regularization technique. The optimal hyperparameter of this classifier for the data used in the present study are C = 0.5, penalty = ‘l2’, and max_iter = 300.





3.5. Classification Algorithms


This work utilized LR, k-NN, DT, and RF to assess the classification accuracy of HCC. Learning technologies create predictive structures based on training and validation data [34].



3.5.1. Decision Tree


Decision trees are used in supervised learning techniques to identify relevant attributes for classification [12]. A root node represents the entire dataset, a node represents a feature, and a branch represents a decision rule. The root node compares the characteristics with the records (real dataset) and makes the appropriate decisions, per the decision tree. The next step compares the second node’s features with the sub node’s features, and this procedure is repetitive when it has reached a leaf node.




3.5.2. Random Forest


Classification and regression can be performed using the ensemble-classification algorithm. Combining the output from individual decision trees, the RF creates a class of results that are then classified. Random Forests are generally suitable for massive datasets with many input variables [35]. The optimal hyperparameter used in this classifier is n_estimators = 100.




3.5.3. k-Nearest Neighbors


Data is classified based on their distance from each other and their distance from the data location [36]. In addition, all the different data groups are called neighbors. The user chooses the number of neighbors, which is very important when analyzing the dataset. A Euclidean distance (Di) is calculated in two-dimensional space based on the features vector, per Equation (6).


  d ( x , y ) =   ∑  k = 1  n    (  x k  −  y k  )  2    



(6)




where xk and yk are the kth attributes of x and y respectively.




3.5.4. Logistic Regression


For linear regression to become LR, sigmoid functions are applied [37]. A logistic function reduces the range of y values from 0 to 1 using a large scale. In logistic regression, maximum-likelihood estimators are reliable for calculating linear-regression coefficients, a technique that is generic to machine learning, despite making assumptions about the data distribution.





3.6. Cross-Validation Method


Generally, the performance of a classifier is evaluated by constructing a model with the given data. However, using a single-fold data split reduces the model’s generalization capability. Hence the k-fold cross-validation method is employed to split the data into k-folds. While building the model, k-1 folds are used for training, and one fold is used for testing. Likewise, the different combinations of folds are used for constructing the model, and the average classification accuracy is used to assess the performance. This study used a 10-fold cross-validation method to evaluate the performance of the classifiers.




3.7. Evaluation Metrics


A confusion matrix is an N X N matrix used to evaluate model performance. The machine-learning models are compared with the actual target values [38,39].



The accuracy of the classification is measured by the percentage of instances that are classified correctly, per Equation (7)


Accuracy = (TP + TN)/(TP + TN+ FP + FN)



(7)







In order to calculate precision, divide the true-positive results with the sum of true positives and false positives, per Equation (8).


Precision = TP/(TP + FP)



(8)







Similarly, Equation (9) is used to calculate the recall by dividing the true positives with true positives and false negatives.


Recall = TP/(TP + FN)



(9)







The F1-score combines the precision and recall into a single metric that captures both properties, as shown in Equation (10).


F1-score = (2 × Precision × Recall)/(Precision + Recall)



(10)









4. Result and Discussion


The information collected from Coimbra Hospital (at the university center) in Portugal is taken from the UCI repository. The missing values are replaced with the mean and mode method in the first phase. Here, a mean value is used for the quantitative attributes, and the mode method is applied for the qualitative attributes. Accuracy and F1-score are chosen as basic metrics. This proposed work consists of three stages: First, it selects the most significant representative features based on the embedded and wrapper methods. Following that, four machine-learning algorithms, namely, LR, k-NN, DT, and RF, are employed for classifying HCC. Finally, a comparative study is done based on the smaller number of selected features with the highest accuracy.



Figure 4 shows the accuracy and F1-score obtained after filling in the missing values using the mean and mode method. The result showed that compared with other classification algorithms, RF gives a greater accuracy value and a higher F1-score value, of 82.26% and 81.36%, respectively, using the parameter values of n_estimators = 100, criterion = “entropy”, and random_state = 35.



Figure 5 depicts the result obtained after replacing the missing values using k-NN. The experimental results indicate that RF gives a greater accuracy value and a higher F1-score value, of 85.48% and 85.71%, respectively, using the parameters of n_estimators = 100, criterion = “entropy”, and random_state = 35. Compared with the two missing-value-replacement methods, the k-NN method provides a more accurate result without using the feature-selection technique. Similarly, the RF method gives a higher accuracy.



The feature-selection method is used to increase accuracy. Table 2 shows the features chosen by employing mean- and model-based missing-value replacement with LASSO regularization. When employing this strategy, 28 features are chosen. The machine-learning algorithm receives these selected features as input. RF produces a greater accuracy value and a higher F1-score value, of 95.16% and 94.74%, respectively, when employing parameter values of n estimators = 100, criterion = “entropy,” and random state = 35, as shown in Figure 6.



The features obtained for the k-NN using LASSO regularization are shown in Table 2. When this approach is used, 25 features are obtained. These pre-selected features are fed into the machine-learning algorithms. When using parameter values (n estimators = 50, criterion = “entropy”, random state = 60), RF algorithm provides a greater accuracy value and a higher F1-score value, of 94.11% and 93.33%, respectively, as shown in Figure 7.



The features chosen for mean and mode based on l2 regularization are shown in Table 2. Here, 17 attributes are chosen. These selected features are fed into the machine-learning algorithm. When parameter values (metric = ‘manhattan’, n neighbors = 1, weights = ‘distance’) are used, k-NN provides a greater accuracy value and a higher F1-score value, of 91.67% and 90.91%, respectively, as shown in Figure 8.



Table 2 shows the l2- regularization-based feature selection employing k-NN to handle missing values. This approach identifies eighteen features from the dataset. Classification using the selected features is performed with the different machine learning algorithms. Figure 9 indicates that RF produces a greater accuracy value and a higher F1-score value, both of 90%, when employing the parameter values of n estimators = 200, criterion = “entropy”, random_state = 60.



Features selection, based on using the GB classifier as an estimator, is shown in Table 2. Here, the total numbers of features selected are three. The experimental result showed that Random Forest gives a greater accuracy value and a higher F1-score value, of 95.12% and 93.75%, respectively, using the parameter values of n_estimators = 100 and criterion = ‘gini’, as shown in Figure 10. Features selected based on the GB classifier as an estimator with k-NN are shown in Table 2. Seven features are selected. The experimental result showed that the decision tree with parameter values of max_depth = 9 and random_ state = 100 give the greatest accuracy value and highest F1-score value, of 96.67% and 96.55%, respectivel, as shown in Figure 11.



Features selected based on the Random Forest classifier as an estimator, with mean and mode as the missing-data-handling method, are shown in Table 2. Seventeen features are selected. Features selected based on the Random Forest classifier as an estimator are shown in Table 2. Nine features are chosen using this method. It is noticed that the RF provides a greater accuracy value and a higher F1-score value, of 95.12% and 94.11%, respectively, when using the parameters of n_estimators = 100 and criterion = ‘gini’, as depicted in Figure 12. Similarly, the experimental result exhibits that the RF produced a 95.01% accuracy value and a 94.54% F1-score value, while using the default values of the parameters as n_estimators = 100 and criterion = ‘gini’, as shown in Figure 13.



Comparing all feature-selection and classifier methods, the recursive feature-selection method using the GB classifier as an estimator is the best technique to increase the predictive model’s performance for a smaller number of selected features, with accuracy and F1-score values of 96.66% and 96.55%. RFE-GB gives fewer selected features with better accuracy with the essential elements, such as symptoms, age, alpha-fetoproteins, hemoglobin, aspartate-transaminase, iron, and ferritin, when using the k-NN method for missing-value replacement. Table 3 depicts the comparison of the feature-selection method’s performance.




5. Comparison with Other Methods


Table 4 explores a comparative study between the present study with other proposed models.



This section shows how well our feature-selection model works compared to the previous works in this field. Książek, Gandor et al. [47] used a genetic algorithm with logistic regression for feature selection and used logistic regression for classification. They used data for training and testing, achieving accuracy and F1-scores of 94.55% and 93.56%, respectively, with 22 features. Table 4 shows the results obtained from different works. The result of a work [36] based on the usage of neural networks is 75.19% accurate. The use of genetic algorithms to optimize models [46,47] resulted in a substantial improvement in the results obtained; the best accuracy of such models is 94.55%. The authors of [38] introduced a novel hybrid model that combined neighborhood-components analysis, a genetic algorithm, and a support-vector machine classifier (NCA-GA-SVM). The results revealed a classification accuracy of 96.36% and an F1-score of 95.52%. Experimental results and other research regarding HCC demonstrated that RFE-GB-RF exhibits acceptable performance. Therefore, while analyzing various metrics, it is concluded that the proposed work shows better results than other works in the literature. We used the same data for training and testing and achieved accuracy and F1-score values of 96.66% and 95.66%, respectively, with minimal features.Many other related work can be found in [38,39,46,47].




6. Statistical Analysis


To validate the performance of algorithms, we have employed the Wilcoxon test. This measure helps to assess the performance of different missing-value-replacement methods statistically. Here, the null hypothesis (H0) represents that the performance of the methods is the same, whereas the alternate hypothesis (H1) confirms a significant difference in their performance. A significance level of 5% (α = 0.05) is used to perform the test, and a p-value is used to confirm the hypothesis. The null hypothesis is rejected when the p-value is low. Otherwise, it is accepted. Table 5 depicts the p-values of this test for RFE-GB against each method.



We observe that RFE-GB-RF with k-NN data imputation performed better than other methods.




7. Conclusions


The main objective of this work is to improve the survival classification of hepatocellular carcinoma, with minimal features. Initially, missing values are replaced using mean and mode, and k-NN is performed. Then, different feature-selection methods using the wrapper and embedded methods are applied. The wrapper method is based on the RFE with GB and random forests. The embedded method is based on logistic regression using LASSO and ridge regression. Experimental results show that the embedded method using the RFE-GB estimator gives the most accurate results, compared to other feature-selection methods, with accuracy and F1-score values of 96.66% and 95.66%, respectively. Future work would be to identify different cancer variants using deep learning and feature-selection techniques on large datasets.
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	DT
	Decision Tree



	FCNN
	Fuzzy Convolutional Neural Network (FCNN)



	GA
	Genetic Algorithm



	GAO
	Genetic Algorithm Optimization



	HCC
	Hepatocellular Carcinoma



	k-NN
	k-Nearest Neighbor



	LASSO
	Least Absolute Shrinkage and Selection Operator



	NCA
	Neighborhood Components Analysis



	RF
	Random Forest



	RFE
	Recursive Feature Elimination



	RFE-GB
	Recursive Feature Elimination with Gradient Boosting



	SMOTE
	Synthetic Minority Over-sampling Technique
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Figure 1. Proposed framework. 
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Figure 2. Imbalanced data. 
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Figure 3. Balanced data. 
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Figure 4. Mean and mode methods without using feature selection. 
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Figure 5. k-NN method without using feature selection. 
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Figure 6. LASSO regressions for mean and mode. 
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Figure 7. LASSO regression for k-NN. 
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Figure 8. Ridge regressions for mean and mode. 
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Figure 9. Ridge regressions for k-NN. 
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Figure 10. Gradient boosting method for mean and mode. 
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Figure 11. Gradient Boosting method for k-NN. 
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Figure 12. Random Forest method for mean and mode. 
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Figure 13. Random Forest method for k-NN. 
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Table 1. HCC dataset details.






Table 1. HCC dataset details.





	Features
	Range
	Missing





	1.gender
	0 and 1
	0



	2.symptom
	0 and 1
	18



	3.alcohol
	0 and 1
	0



	4.hepatitis_ b _surf _ antigen
	0 and 1
	17



	5.hepatitis _ b _ e _ antigen
	0 and 1
	39



	6.hepatitis _ b _ core _ antibody
	0 and 1
	24



	7.hepatitis _ c _ virus _ antibody
	0 and 1
	9



	8.cirhosis
	0 and 1
	0



	9.endemic _ country
	0 and 1
	39



	10.smoking
	0 and 1
	41



	11.diabetes
	0 and 1
	3



	12.obesity
	0 and 1
	10



	13.hemochromotosis
	0 and 1
	23



	14.arterial _ hyper_tension
	0 and 1
	3



	15.chronic _ renal _ insufficiency
	0 and 1
	2



	16.human _ idv
	0 and 1
	14



	17.nonalcoholic _ hepatitis
	0 and 1
	22



	18.esopageal _ varices
	0 and 1
	52



	19.splenomegly
	0 and 1
	15



	20.portal _ hyper-tension
	0 and 1
	11



	21.portal _ vein _ thrombos
	0 and 1
	3



	22.liver _ metastasiss
	0 and 1
	4



	23.radio-logical _ hallmark
	0 and 1
	2



	24.age
	20–93
	0



	25.gms _ of _ alcohol/ day
	0–500
	48



	26.pack _ of _cigarette/year
	0–510
	53



	27.perform_ status
	0, 1, 2, 3, 4
	0



	28.encephlopathy_ deg
	0, 1, 2, 3
	1



	29.asites_ deg
	0, 1, 2, 3
	2



	30.intl _ normal _ ratio
	0.84–4.82
	4



	31.α_ feto-protein
	1.2–1,810,348
	8



	32.haemoglobin
	5–18.7
	3



	33.avg _ corpuscular _ vol
	69.5–119.6
	3



	34.leukocyte
	2.2–13,000
	3



	35.platelet
	1.71–459,000
	3



	36.albumin
	1.9–4.9
	6



	37.tot _ bilirubin
	0.3–40.5
	5



	38.alanine _ trans
	11–420
	4



	39.aspartate _ trans
	17–553
	3



	40.γ _ glutamyl _ trans
	23–1575
	3



	41.alkaline _ phosphat (u/l)
	1.28–980
	3



	42.total _ protein
	3.9–102
	11



	43.creatinine
	0.2–7.6
	7



	44.num _ of _ nodule
	0–5
	2



	45.maj _ dim _ of _ nodule
	1.5–22
	20



	46.direct _ bilirubin
	0.1–29.3
	44



	47.iron
	0–224
	79



	48.oxy _ sat
	0–126
	80



	49.feritin
	0–2230
	80



	50.class
	0 and 1
	0
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Table 2. Features selected based on different feature selections.
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Missing-Value Replacement

	
Classification Algorithm

	
Methods

	
Selected Features






	
Mean and mode

	
Logistic Regression

	
Lasso Regression

	
2, 4, 8, 7, 11, 15, 14, 17,16, 21, 20, 23, 22, 24, 27, 30, 29, 31, 34, 36, 39, 42, 43, 41, 45, 47,46, 49




	
Ridge Regression

	
7, 10, 11, 16, 23, 24, 26, 29, 30, 32, 38, 39, 41, 43, 46, 47, 49




	
Recursive Feature Elimination

	
Gradient Boosting

	
26, 31, 41




	
Random Forest

	
27, 29, 30,32,31, 34, 36, 35,37, 40, 39, 41,46, 42, 47,48,49




	
k-NN

	
Logistic Regression

	
Lasso Regression

	
2, 4, 7, 8, 10,11,12,13, 14, 15, 18, 21, 24, 26, 28, 29, 31, 34, 36, 39, 41, 42, 43, 46




	
Ridge Regression

	
2, 7, 10, 11, 16, 23, 24, 26, 29, 30, 35, 38, 39, 41, 43, 44, 47, 49




	
Recursive Feature Elimination

	
Gradient Boosting

	
2, 24, 31, 32, 39, 47,49




	
Random Forest

	
24, 27, 31, 32, 40, 45, 41, 48,49
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Table 3. Comparative analysis of different feature-selection techniques.






Table 3. Comparative analysis of different feature-selection techniques.





	
Missing-Value Replacement

	
Classification Algorithm

	
Methods

	
# Selected Features

	
Accuracy

	
F1-Score






	
Mean and Mode

	
Logistic Regression

	
Lasso Regularization

	
28

	
95.16

	
94.71




	
Ridge Regularization

	
17

	
91.66

	
90.91




	
Recursive-Feature Elimination

	
Gradient Boosting

	
3

	
95.12

	
93.75




	
Random Forest

	
17

	
95.12

	
94.11




	
k-NN

	
Logistic Regression

	
Lasso Regularization

	
25

	
94.11

	
93.33




	
Ridge Regularization

	
18

	
90

	
90.01




	
Recursive Feature Elimination

	
Gradient Boosting

	
7

	
96.66

	
96.55




	
Random Forest

	
9

	
95

	
94.54
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Table 4. Comparison of the present study with other state-of-the-art methods.
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	S.No
	Method
	Accuracy
	F1-Score
	Reference
	Year of Publication





	1
	NN + augmented set approach
	75.19%
	66.50%
	Santos et al.

[36]
	2017



	2
	BFA + RF
	83.5%
	-
	Sawhney et al.

[37]
	2018



	3
	SVC with GA optimizer
	88.49%
	87.62%
	Ksiazek

[40]
	2019



	4
	LDA-GA-SVM
	90.30%
	-
	Ali et al.

[41]
	2019



	5
	GA
	90.30%
	88.57%
	Ksiaz˙ek et al.

[42]
	2020



	6
	LASSO + SVM

RFE + LASSO + SVM
	89.18%
	-
	Panyanat Aonpong et al.

[40]
	2019



	7
	K-means + SMOTE + SVM
	84.90%
	-
	Hattab et al.

[43]
	2020



	8
	Relief + LDA

NCA + FGSVM
	92.12%
	91.61%
	Al-Islam

[44]
	2020



	9
	SMOTE + XGBOOST
	87%
	-
	Ferdib-Al-Islam et al.

[45]
	2021



	10
	GA-LR
	94.55%
	93.56%
	Książek, Gandor et al.

[46]
	2021



	11
	NCA + GA + SVM
	87.4%
	-
	Wojciech Książek

[47]
	2022



	12
	RFE-GB-RF
	96.66%
	95.66%
	This study
	2022










[image: Table] 





Table 5. p-values of Wilcoxon test of the methods.






Table 5. p-values of Wilcoxon test of the methods.





	Data Imputation
	LR-L1
	LR-L2
	RFE-RF





	Mean and Mode
	0.008
	0.018
	0.013



	k-NN
	0.006
	0.014
	0.010
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