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Abstract 

Purpose: The prevalence of Non-Alcoholic Fatty Liver Disease (NAFLD) has significantly increased over the past two 

decades, becoming a leading cause of liver disease in industrialized nations, particularly among individuals who do not 

consume alcohol. This study aims to develop an efficient detection method for NAFLD using a stacked ensemble 

learning approach, which integrates multiple machine learning models to enhance predictive accuracy.  

Materials and Methods: The dataset utilized in this research was sourced from an open platform and includes critical 

attributes such as age, gender, Body Mass Index (BMI), height, time to death or last follow-up, and survival status. We 

implemented a variety of machine learning algorithms, including XGBoost, CatBoost, Decision Trees, and AdaBoost, within 

a stacking framework to optimize performance. The proposed methodology involved several steps: data preparation, feature 

engineering, model training, and evaluation. Additionally, we employed explainable AI techniques to identify the most 

influential features contributing to NAFLD prediction, thereby enhancing the model's interpretability. 

Results: The stacked ensemble model achieved an impressive classification accuracy of 95.9%, outperforming 

individual models and demonstrating the robustness of the ensemble approach. Confusion Metrics, ROC curves, and 

Calibration Curves are used to evaluate the proposed approach with state-of-the-art approaches. The suggested stacking 

methodology demonstrates superior performance in all contexts. When Explainable Machine Learning is applied to the 

proposed approach, it reveals that NAFLD is more common in middle-aged and elderly individuals, but is also present 

in younger age groups to some extent. Also, the prevalence of NAFLD is higher in males. 

Conclusion: The results underscore the potential of a stacked ensemble approach for clinical applications in NAFLD 

screening and diagnosis, highlighting its importance in healthcare decision-making. By combining various machine 

learning techniques, we have developed a reliable and resilient model that improves detection accuracy and offers 

transparency in its predictions. Combining XGBoost, CatBoost, Decision Tree, and AdaBoost in a stacked ensemble 

model yielded the best results. The findings also indicate that age and gender are significant predictors of NAFLD, with 

the model providing valuable insights into the underlying patterns associated with the disease. This research contributes 

to the growing body of knowledge on machine learning applications in gastroenterology and emphasizes the need for 

explainable models in clinical settings. 

Keywords: Machine Learning; Ensemble Learning; Stacking Models; Explainable Artificial Intelligence; Interpretable 

Machine Learning; Feature Importance. 

 

ORIGINAL ARTICLE 

PROOF

https://creativecommons.org/licenses/by-nc/4.0/
https://orcid.org/


 LEML for Enhanced Prediction Model  

XX  FBT, Vol. 13, No. 3 (Summer 2026) XX-XX 

1. Introduction  

Fatty liver results from lipid buildup within 

hepatocytes. Conventional wisdom holds that fatty 

liver is a harmless, reversible disease that the liver 

develops as a general reaction to metabolic stress. In 

the past, heavy alcohol use was thought to be the main 

cause of fatty liver [1]. With an estimated global 

incidence, Nonalcoholic Fatty Liver Disease 

(NAFLD) is a leading cause of liver disease and will 

emerge as a leading cause of end-stage liver disease in 

the next decades [2]. 

1.1. Risk Factors for NAFLD 

Many variables cause the development of NAFLD. 

Insulin resistance, type 2 diabetes, dyslipidemia, 

metabolic syndrome, socioeconomic status, sedentary 

lifestyle, age, and gender are among these variables 

[3].  

Age:  Despite its presence in younger age groups, 

NAFLD is more prevalent among middle-aged and 

elderly people. Multiple studies have shown that the 

severity of NAFLD increases with age, as does the 

prevalence of its hepatic and extra-hepatic 

complications, such as non-alcoholic steatohepatitis, 

cirrhosis, and hepatocellular carcinoma, as well as 

cardiovascular disease and extrahepatic neoplasms 

[4]. One possible explanation is that the risk factors for 

NAFLD tend to rise with age. Research has shown that 

lipid buildup in non-adipose organs, such as the liver, 

rises with age, which might contribute to the higher 

incidence of NAFLD. 

Gender: Many studies on NAFLD have shown it to 

be more prevalent in males. It has been suggested that 

female hormones protect against NAFLD. This is 

supported by the evidence observed in different 

studies where the prevalence of NAFLD was found to 

be twice as common in postmenopausal women when 

compared to premenopausal women. Studies have also 

shown that women receiving hormone replacement 

therapy are less likely to develop NAFLD when 

compared to those who do not [5].  

Obesity: Obesity, either as a high Body Mass Index 

(BMI) or visceral obesity, increases the likelihood of 

developing NAFLD. Insulin resistance and 

inflammation of the liver are outcomes of obesity-

related changes in adipocyte cytokine and adipokine 

production. Multiple studies have linked NAFLD to 

an elevated body mass index (BMI), which is a 

measure of overweight and obesity [6].  

Diet: The impact of diet on the development of 

NAFLD is significant. People with NAFLD tend to eat 

a lot of nutrients, according to the research. Additional 

factors that contribute to the development of NAFLD 

include total caloric intake, macronutrients, and 

micronutrients. Patients with NAFLD ate a lot of carbs 

and fat, according to the research. They ate very few 

fruits, vegetables, and whole grains. They also failed 

to meet the necessary daily allowances for antioxidant 

vitamins, calcium, and vitamin D. A greater body 

mass index and waist circumference were also 

indicators of obesity and overweight in individuals 

with NAFLD [7]. 

Sedentary Lifestyle: The prevalence of NAFLD is 

inversely related to the amount of physical activity 

recorded, also known as cardiorespiratory fitness. 

People with NAFLD are less likely to participate in 

total, aerobic, and resistance exercises during their 

free time.  

Socio-economic factors: Cardiorespiratory fitness, 

a measure of how active a person claims to be, has 

been shown to correlate inversely with the incidence 

of NAFLD. Compared to the general population, 

people with NAFLD are less active in their free time, 

and this is true across all forms of exercise: aerobic, 

resistance, and total.  

1.2. Stacking Ensemble Machine Learning 

Architecture 

Invasive, expensive, and subjective liver biopsies 

and imaging techniques are common NAFLD 

diagnosis approaches. These limitations emphasize 

the need for more efficient and trustworthy diagnostic 

methods for early identification and intervention. 

Machine learning can examine big and complicated 

information to reveal hidden patterns and correlations, 

revolutionizing medical diagnoses. Machine learning 

models can improve diagnostic accuracy and patient 

health insights by learning from data [8, 9]. 

Ensemble learning is a popular machine learning 

method since it combines different models to enhance 

prediction. A kind of ensemble learning called 

stacking blends the capabilities of multiple base 
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models to make more accurate predictions [11]. In 

NAFLD, where age, gender, BMI, and metabolic 

problems might confound diagnosis, this technique is 

very helpful. 

To improve model interpretability, the study applies 

explainable AI approaches. Decision trees and 

ensemble approaches offer more insight into feature 

significance and decision-making than deep learning 

models, which are generally considered “black 

boxes”. This research has used traditional machine 

learning methods despite deep learning networks' 

impressive performance gains across benchmarks. 

Using a large dataset of demographic and clinical 

data, this research will create a stacked ensemble 

model to predict NAFLD. Additionally, we aim to 

apply explainable AI techniques to enhance the 

interpretability of our model, providing insights into 

the key features influencing NAFLD predictions. By 

addressing the limitations of traditional diagnostic 

methods and harnessing the power of machine 

learning, this research seeks to contribute to the 

advancement of NAFLD screening and diagnosis in 

clinical practice. 

The remaining structure of the paper is as follows: 

Section 2 explains why previous research on ensemble 

learning is important. Details of the data set 

identification and preparation procedures are provided 

in Section 3. Moreover, this part explains the 

prospective method. Section 4 details how the solution 

was put into action and compares the new model to the 

ones that were already in use. Section 5 wraps up the 

study and has some thoughts on where the scope may 

go from here. 

1.3. Related Work 

Using decision trees, random forests, extreme 

gradient boosting, and support vector machines, the 

authors of [12] created classification models to 

identify individuals with and without NAFLD. The 

classifier using the Support Vector Machine had the 

most effective performance, achieving the greatest 

level of accuracy (0.801). 

For their study on the optimal NAFLD diagnosis 

model, Ma H et al. [13] used 10508 patients and 

eleven different machine learning methods. They 

found that the SVM model had the best specificity 

(0.946) and precision (0.725), whereas the logistic 

regression (LR) model recognized 83.41% of the time. 

The AODE model has the highest sensitivity, 

measuring at 0.680. In this research, the prediction 

models were evaluated using the F-measure. The BN 

model had the greatest F-measure at 0.655, while the 

Fatty Liver Index (FLI) model had the lowest at 0.318. 

Based on an improvement of 9.17% in the F-measure 

score, the authors concluded that the BN model had 

the greatest performance. 

In their study, Yip et al. [14] compared ridge 

regression, AdaBoost, and logistic regression with 922 

cases. After all that work, the logistic regression model 

was able to get six important parameters, including 

insulin resistance, triglycerides, and alanine 

aminotransferase, to an accuracy of 87 to 88%. Sorino 

et al. [15] evaluated eight distinct machine-learning 

techniques. Based on their analysis, the authors 

concluded that the SVM algorithm was the best fit and 

produced the best results. To detect NAFLD, Cheng et 

al. [16] created many models using KNN, RF, and 

support vector machines (SVM). They found that RF 

achieved an accuracy of 80% in women and SVM an 

accuracy of 86.9% in males. Factors associated with 

insulin resistance and cholesterol were among the 

relevant characteristics chosen by both models. 

1.4. Weaknesses of Past Works 

• Limited Model Performance: Many previous 

studies may have relied on single machine learning 

models, which can limit predictive accuracy. Some 

research used Support Vector Machines (SVM) or 

logistic regression with good accuracy, but they 

seldom used ensemble approaches that integrate many 

models for better performance. 

• Lack of Interpretability: Healthcare machine 

learning applications often lack interpretability. 

Critics call many models, especially deep learning 

ones, "black boxes," making decision-making difficult 

for therapists. 

• Unbalanced Datasets: Previous efforts have 

ignored class imbalance, resulting in skewed forecasts 

for the majority class. In NAFLD investigations, 

healthy people may outnumber diseased people. 
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1.5. Contributions 

• This work presents stacked ensemble learning, 

which combines XGBoost, CatBoost, Decision Trees, 

and AdaBoost to improve NAFLD prediction 

accuracy. This strategy uses each model's strengths to 

increase performance measures against individual 

models. 

• With its high classification accuracy, the 

suggested model outperforms several current models 

in the literature. In clinical contexts, the ensemble 

technique works. 

• This study emphasizes explainability in 

machine learning, unlike many others. The work finds 

the most significant NAFLD prediction characteristics 

using explainable AI approaches, improving model 

interpretability. Clinical adoption and healthcare 

professional trust depend on this. 

• The study uses a well-defined dataset with 

varied variables, including age, gender, BMI, and 

mortality status, to analyze NAFLD risk factors more 

accurately. Using SMOTE to solve class imbalance 

increases the model's dependability 

2. Materials and Methods 

2.1. Dataset 

The NAFLD dataset used in this research is taken 

from the open-source platform [17]. It contains 

attributes like age, gender, body mass index, height, 

time to death or last follow-up, and status (0= alive at 

last follow-up, 1 = dead). The dataset includes a 

population cohort of all adult NAFLD subjects from 

1997 to 2014  

2.2. Method 

Figure 1 shows the architecture of the stacking 

ensemble model that has been presented. In stacking 

ensemble learning, the meta-classifier and base-

classifiers work together. To train models and provide 

predictions, the meta-classifier makes use of the 

training set. Metaclassifiers, which rely on metadata, 

and base-classifiers are the two main approaches to 

data categorization. This tactic was used by the Netflix 

group called "The Ensemble," which was tied for first 

place in the accuracy category of the submission. 

Diverse base learning techniques are used by 

heterogeneous ensemble methods to ensure that the 

ensemble is diverse. Its members strive to achieve the 

greatest level of human performance by making use of 

a wide range of fundamental learning techniques, 

 

Figure 1. Proposed Stack Ensemble Approach 
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including decision trees, artificial neural networks, 

and support vector machines.  

The proposed methodology is described as follows: 

Incorporating explainable machine learning (XML) 

techniques is crucial for enhancing the interpretability 

of our predictive models, especially in healthcare 

applications where understanding the rationale behind 

predictions is essential. XML allows clinicians to trust 

and validate the model's outputs, facilitating better 

decision-making. 

We employed feature importance analysis to 

identify the most influential variables affecting the 

model's predictions. This analysis helps in 

understanding which attributes, such as age, BMI, and 

gender, significantly contribute to the detection of 

NAFLD. Techniques like permutation importance 

were utilized to quantify the impact of each feature on 

the model's performance. We also utilized SHAP 

(SHapley Additive exPlanations) values to provide a 

unified measure of feature importance. SHAP values 

offer insights into how each feature contributes to the 

final prediction for individual instances, allowing for 

a more granular understanding of the model's 

behavior. 

3. Results & Discussion 

3.1. Distribution of Different Attributes  

The distribution of different attributes in the dataset 

is shown in Figures 2, 3. It helps understand the data 

so that it can be used and interpreted correctly. 

The highest number of patients falls within the 40 

to 70 years bin. The age ranges from under 20 to 

almost 100. The highest number of patients falls 

within the 60 to 100-kg bin. The weight ranges from 

under 40 to 180. The highest number of patients falls 

within the 160 to 180 cm bin. The weight ranges from 

under 140 to 200. The highest number of patients falls 

within the 20 to 40 bin. The BMI ranges from under 

20 to 60. 

3.2. Balancing of the Dataset 

As Figure 2 clearly shows, the dataset is 

imbalanced. There are 16185 cases of alive at last 

follow-up and 1364 dead cases in the dataset. SMOTE 

[18] is applied to balance the dataset as follows: 

Input: 

Cmin: Minority class. 

Proposed Methodology 

# Step 1: Data Preparation 

• Load the NAFLD dataset 

• Split the dataset into training and testing 

sets 

# Step 2: Feature Engineering 

• Apply feature scaling, normalization, or 

other preprocessing steps 

• Balancing of the dataset 

# Step 3: Machine Learning Models 

• Use 10-fold stratified cross-validation for 

train and test dataset splitting 

• Initialize XGBoost, CatBoost, Decision 

Tree, AdaBoost, Random Forest, Neural 

Network, SGD, kNN, Logistic Regression, 

Naive Bayes, SVM 

# Step 4: Model Training and Evaluation 

for each model in [XGBoost, CatBoost, Decision 

Tree, ...]: 

•     Train the model on the training set 

•     Evaluate performance on the testing set 

# Step 5: Identify Best Performing Models 

• Identify models with the highest accuracy, 

sensitivity, or other relevant metrics 

# Step 6: Stacking Ensemble 

stacked_model = StackModels ([best_models]) 

# Step 7: Train Stacked Model 

• Train stacked_model on the training set 

# Step 8: Evaluate Stacked Model 

• Evaluate stacked_model on the testing set 

# Step 9: Explainable Machine Learning 

• ExplainModel (stacked_model) # Utilize 

Explainable ML methods for interpretation 

# Step 10: Results and Analysis 

• Analyze and compare performance metrics 

of individual models and stacked models 

• Discuss the interpretability of the stacked 

model using Explainable ML 
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Cmaj: Majority class. 

Nmin: Number of minority class instances. 

Nmaj: Number of majority class instances. 

k: Number of nearest neighbors to consider. 

Output: 

Cmin_new: Synthetic minority class instances. 

Procedure: 

a. For each minority class instance xi in Cmin: 

Compute the k nearest neighbors of xi within Cmin, 

denoted as NN(xi). 

Randomly select one of the nearest neighbors, 

denoted as xnn. 

For each feature j, compute the difference Δij=xnn,j

−xi,j. 

Generate synthetic instances xnew using the formula 

(Equation 1): 

𝑥𝑛𝑒𝑤,𝑗 =  𝑥𝑖,𝑗 +  𝑟𝑎𝑛𝑑(0,1) ×  𝛥𝑖𝑗 (1) 

Append xnew to Cmin_new. 

b. The size of Cmin_new is determined by a user-

defined oversampling ratio. 

 

Figure 2. Distribution of Attributes (a) Status (b) Gender 

 

 

(a)                                                                                        (b) 

 

(c)                                                                                       (d) 

Figure 3. Distribution of other Attributes (a) Age (b) Weight (c) Height (d) BMI 
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3.3. Results 

The result of the proposed stacked ensemble 

approach and other basic machine learning and 

boosting approaches are shown in Table 1 in terms of 

Area Under Curve (AUC), Classification Accuracy 

(CA), F1 score, Precision, Recall, Matthews 

Correlation Coefficient (MCC), Specificity (Spec), 

and Logistic Loss (LogLoss). 

The "Stack" model, an ensemble of models, 

outperforms the individual models on most measures, 

suggesting that the NAFLD detection process is more 

accurate and resilient as a consequence of the use of 

many algorithms. Both XGBoost and CatBoost stand 

on their own as very effective models, surpassing 

competitors across a range of performance indicators 

(Figure 4). 

Figure 5 shows the confusion metrics for all the 

machine learning models used in this research. 

 

It is depicted in Figure 5 that the proposed stacking 

ensemble approach has the highest number of correct 

classification instances and the fewest instances of 

misclassification. The fact is also validated in Figures 

6, 7, which show the ROC curve, which is a plot that 

displays the sensitivity and specificity of applied 

models [19]. The more that the ROC curve hugs the 

top left corner of the plot, the better the model does at 

classifying the data. 

Figures 8, 9 show the calibration, and it is a known 

fact that a perfectly calibrated model would have a 

calibration curve closely aligned with the 45-degree 

diagonal line on the plot [20]. The proposed stacking 

approach also outperforms here. 

Figure 10 depicts the important features that 

contribute most towards correct classification. It is 

evident that age is the most important feature. 

 

 

Table 1. Performance Comparison 

Model 

Area 

Under 

Curve 

Classification 

Accuracy 

F1 

Score 
Precision Recall 

Matthews 

Correlation 

Coefficient 

Specificity 
Log 

Loss 

Stack 0.988 95.90% 0.959 0.959 0.959 0.918 0.924 0.124 

XGBoost 0.988 95.80% 0.958 0.958 0.958 0.917 0.917 0.127 

CatBoost 0.98 93.80% 0.938 0.938 0.938 0.876 0.876 0.191 

Decision Tree 0.931 93.10% 0.931 0.931 0.931 0.862 0.862 0.231 

AdaBoost 0.921 92.10% 0.921 0.921 0.921 0.842 0.842 0.241 

Random Forest 0.976 92.20% 0.922 0.922 0.922 0.844 0.844 0.239 

Neural Network 0.937 85.00% 0.85 0.85 0.85 0.7 0.7 0.31 

SGD 0.821 82.10% 0.821 0.821 0.821 0.62 0.62 0.374 

kNN 0.893 81.80% 0.818 0.818 0.818 0.62 0.62 0.366 

Logistic 

Regression 
0.904 81.50% 0.815 0.815 0.815 0.63 0.63 0.385 

Naive Bayes 0.831 75.00% 0.749 0.749 0.749 0.5 0.5 0.42 

SVM 0.583 54.00% 0.486 0.54 0.54 0.08 0.08 0.6 

 

 

Figure 4. Performance Comparison 
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Figure 11a states that despite its presence in 

younger age groups, NAFLD is more prevalent among 

middle-aged and elderly people. Figure 11b shows that 

NAFLD is more prevalent in males. It has been 

suggested that female hormones protect against 

NAFLD. 

4. Conclusion 

This study used a wide variety of machine-learning 

methods to improve NAFLD detection. Finding the 

best models and making use of ensemble learning to 

get the best results was the goal of this study. 

Combining XGBoost, CatBoost, Decision Tree, and 

AdaBoost in a stacked ensemble model yielded the 

 

Figure 5. Confusion Matrix for Proposed and state- of- art ML Approaches 
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Figure 6. ROC for Target Class 0 

 

 

Figure 7. ROC for Target Class 1 
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Figure 8. Calibration Curve for target class 0 

 

 

Figure 9. Calibration Curve for target class 1 
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best results, with an astounding accuracy of 95.9%. In 

comparison to state-of-the-art studies, the proposed 

approach demonstrates a notable advancement in 

accuracy and reliability, positioning it as a valuable 

tool for healthcare decision-making. Important 

metrics, including confusion matrices, ROC curves, 

and calibration curves, were used to validate the 

findings. These tests showed that the suggested 

ensemble method is reliable and resilient. The high 

level of accuracy indicates that the proposed approach 

might be used in clinical settings to identify NAFLD. 

When explainable machine learning is applied to the 

proposed approach, it reveals that age and gender are 

the most important characteristics in predicting 

NAFD. In the future, this research can be extended to 

broad datasets that include a wider range of 

individuals and various clinical environments. 
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Figure 11a. Model Explanation for Target Class 1 

 

 

Figure 11b. Model Explanation for Target Class 0 
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