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Abstract: Chronic liver illnesses like cirrhosis and hepatitis threaten world health. Early prediction helps improve treatment 

outcomes and prevent liver failure or cancer. This research presents the concept of early diagnosis of TabNet liver disease. 

TabNet predicts liver disease development accurately and reliably, outperforming Random Forest and Logistic Regression 

models for optimisation. Real-time analysis gives healthcare practitioners relevant insights for early intervention and 

personalised treatment. Key features include real-time alerts and predictions from continuous patient data monitoring. The 

technology alerts immediately of any irregularities or hazards, ensuring timely intervention for chronic liver disorders or 

preventative treatment. The easy, adaptive user interface allows dynamic model confidence threshold change. The solution also 

allows batch data analysis for retrospective evaluation. This hybrid machine learning method compares model confidence 

scores to optimise and strengthen the answer. Its flexibility allows it to be used in patient monitoring and risk prediction while 

preserving accuracy and interpretability. 
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1. Introduction 

 

Liver diseases present a significant challenge to healthcare systems worldwide, affecting millions of people each year. Timely 

detection plays a vital role in enhancing the outcome of patients by enabling early intervention and preventing the progression 

 
*Corresponding author.  

231

mailto:angelinjeba@saec.ac.in
mailto:ballikaj@srmist.edu.in
mailto:aarthib@srmist.edu.in
https://www.fmdbpub.com/user/journals/details/FTSHSL
https://creativecommons.org/licenses/by-nc-sa/4.0/


 

Vol. 2, No.4, 2024 

of the disease to more severe stages, like liver failure or cancer. Unfortunately, traditional diagnostic methods often fall short 

in identifying liver disease at its early stages or offering tailored care to individual patients. This paper proposes the TabNet 

model for early liver disease prediction. TabNet is an advanced machine learning model designed to efficiently process 

structured data, making it highly suitable for clinical applications. It uses a unique method for feature selection and deep 

learning, providing highly accurate predictions while maintaining interpretability, an essential feature for healthcare settings. 

The performance of TabNet is compared with the conventional machine learning architectures like Random Forest and Logistic 

Regression [1];[ 7], ensuring the best possible optimization and accuracy in predicting liver disease progression. This system 

delivers real-time analysis, offering healthcare providers valuable insights that aid in making informed decisions for early 

intervention and personalized treatment plans. 

 

A key feature of this system is its ability to continuously monitor patient data, generating real-time alerts and predictions based 

on the most up-to-date information. If any anomalies or potential risks are detected, the system immediately triggers an alert, 

ensuring that healthcare professionals can take swift action. This capability is especially valuable in managing chronic liver 

diseases, where ongoing monitoring and timely intervention are crucial to preventing disease escalation. The proposed 

framework is designed with a flexible, user-friendly interface, allowing healthcare providers to adjust the model’s confidence 

threshold according to their needs. Additionally, it supports batch data analysis, enabling retrospective evaluation of patient 

datasets. This hybrid machine learning approach optimizes predictions by comparing confidence scores from various models, 

providing a robust and adaptable solution suitable for various healthcare applications. The system’s ability to deliver accurate, 

real-time predictions while maintaining high interpretability makes it invaluable for improving liver disease detection, 

management, and prevention. 

 

2. Literature Review 

 

Gao et al. [1] introduced a machine learning-enabled algorithm to detect liver disease using Random Forest and Decision tree 

algorithms. The author trained the model using the UCI Liver Patient Dataset and demonstrated Random Forest with selected 

features. The study highlights the advancements of Random Forest in predictive modelling for liver disease detection, focusing 

on feature selection and classification accuracy. The author obtained an accuracy of 75%. Gupta et al. [2] suggested an 

application of Logistic Regression along with Support Vector Machines (SVM) to detect liver disease, utilizing the Indian Liver 

Patient Dataset [15]. Their analysis showed that Logistic Regression attained 72% accuracy, while SVM achieved 70%. The 

study emphasizes the comparative effectiveness of Logistic Regression over SVM in predicting liver disease with moderate 

accuracy. Zhou et al. [3] explored using Random Forest [7] and XGBoost models for liver disease detection. Random Forest 

outperformed XGBoost in their experiments, with an accuracy of 78% compared to XGBoost’s 74% on the UCI Liver Dataset. 

The author demonstrates the superior performance of Random Forest in handling complex clinical datasets. Sharma et al. [4] 

conducted an investigation using Logistic Regression and Decision Trees on hospital liver patient records. Logistic Regression 

emerged as the better-performing algorithm with 74% accuracy, showcasing its suitability for predictive models in healthcare 

applications involving liver disease detection. 

 

Kumar et al. [5] evaluated the effectiveness of the Support Vector Machines (SVM) algorithm and Random Forest algorithm 

[7] in the classification of liver disease. Utilizing the UCI Liver Dataset, the author achieved an accuracy of 79% for the Random 

Forest model, while SVM lagged with 68%. The study underscores the strength of ensemble learning methods like Random 

Forest in medical predictions. Lee et al. [6] examined the Random Forest and k-nearest Neighbors (k-NN) algorithms using a 

Korean Liver Disease Dataset. Random Forest achieved 76% accuracy, outperforming k-NN, which reached 70%. Their 

findings highlight the comparative advantage of Random Forest in predictive tasks involving liver disease diagnosis. 

 

Banerjee et al. [7] employed Random Forest and Logistic Regression to analyze liver disease detection using the UCI Liver 

Patient Dataset. Random Forest yielded 82% accuracy, surpassing Logistic Regression, which reached 77%. The study reveals 

the potential of Random Forest in enhancing predictive accuracy for liver disease detection. Kim et al. [8] suggested using 

Logistic Regression and Naive Bayes for liver disease detection on hospital datasets. Logistic Regression achieved 78% 

accuracy, while Naive Bayes reached 72%, demonstrating the higher precision of Logistic Regression in clinical datasets for 

liver disease prediction. Zhang et al. [9] applied the Random Forest and Support Vector Machine (SVM) algorithms to detect 

liver disease using clinical records. Random Forest achieved 81% accuracy, outperforming SVM, which attained 74%. Their 

work emphasizes the superiority of Random Forest in predictive modelling for liver disease detection in clinical settings. 

 

Singh et al. [10] investigated using the Random Forest algorithm and k-nearest Neighbors (k-NN) algorithm to predict liver 

disease. The author achieved an accuracy of 79% for the Random Forest model and 72% for the k-NN model on the Indian 

Liver Patient Dataset. Verma et al. [11] focused on Logistic Regression and Decision Trees for liver disease prediction. Logistic 

Regression performed better, with a 74% accuracy, compared to Decision Trees’ 71% on the UCI Liver Dataset. Patel et al. 

[12] employed Random Forest and Gradient Boosting on hospital liver patient datasets, finding that Random Forest achieved 
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an 80% accuracy, while Gradient Boosting reached 78%. Their study highlights the reliability of Random Forests in predictive 

models for liver disease detection. 

 

Rodriguez et al. [13] evaluated the Random Forest and Naive Bayes algorithms using hospital liver disease data. The author 

reported that the Random Forest outperformed Naive Bayes by achieving 77% accuracy by demonstrating its robustness in 

clinical predictive models for liver disease. Karthik et al. [14] utilized Logistic Regression and Decision Trees on the UCI Liver 

Dataset for liver disease prediction. Logistic Regression showed 76% accuracy, while Decision Trees reached 73%, indicating 

the utility of both models in medical diagnostics. The Random Forest algorithm performed with an accuracy of 81%, surpassing 

k-NN, which achieved 74%, on the Indian Liver Dataset. It reinforces the Random Forest’s effectiveness in healthcare 

predictive modelling. 

 

While machine learning has made significant strides in liver disease detection, several key gaps remain in the existing literature. 

Many studies rely on limited datasets, such as the UCI Liver Patient Dataset and the Indian Liver Dataset, which hinders the 

ability to develop models that can be generalized to different populations and healthcare settings [1]; [2]. Additionally, despite 

the widespread use of traditional algorithms like Random Forest and Logistic Regression, newer and more advanced models, 

such as TabNet, have not been extensively tested for liver disease prediction [3]; [7]. Furthermore, while many models offer 

good prediction accuracy, they cannot often monitor real-time patient data or provide dynamic, actionable alerts, crucial for 

early intervention and continuous care [4]; [5]. Finally, there is an increasing demand for further exploration of hybrid models 

that combine the strengths of multiple algorithms to enhance prediction performance [8]; [9]. 

 

The proposed work addresses these gaps by introducing the TabNet model, a machine-learning architecture capable of 

accurately predicting liver disease progression while maintaining interpretability. TabNet’s performance is evaluated against 

conventional algorithms like Random Forest [7] and Logistic Regression [7], providing a comprehensive comparison of its 

efficiency [13]; [12]. The proposed system offers real-time analysis and continuous patient monitoring, enabling timely alerts 

if abnormalities or risks are detected. This feature, largely unexplored in previous studies, ensures prompt intervention and 

better management of liver diseases [14]; [10]. The system also supports batch data analysis for retrospective studies, and by 

comparing the confidence scores of different algorithms, it delivers a more robust and optimized solution. This approach ensures 

adaptability across various healthcare settings, from patient monitoring to risk Prediction [6]; [15]. 

 

3. Methodology 

 

The TabNet model is proposed to predict early liver disease. Figure 1 illustrates the functional block diagram for real-time liver 

disease prediction. The proposed TabNet model is employed to predict liver disease. The data is collected from various sources 

and stored in a system as a database. This data is further cleaned and prepared for feature selection. The features of the collected 

data are processed. Then, the processed data samples are employed to train the proposed TabNet, Random Forest, and Logistic 

Regression models. Once trained, these models can make predictions based on real-time data, and their performance is 

continuously monitored in real-time. Alerts are triggered to investigate potential issues if the model's prediction score falls 

below a certain threshold. This architecture offers flexibility for various tasks, can be scaled to handle large datasets, and 

ensures reliability through monitoring and alerts. However, there's always room for improvement. Techniques like hyper-

parameter optimization and ensemble methods can further enhance model performance. 

 

 
 

Figure 1: Functional block diagram of real-time Liver Disease Prediction 
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3.1. Dataset 

 

3.1.1. Data Collection 

 

The selection of relevant datasets plays a critical role in identifying key records that contribute to the analysis, with the ultimate 

goal of deriving meaningful insights through various machine learning techniques. This study utilizes the Indian Liver Patient 

Dataset (ILPD) from the UCI Repository, which includes 576 records and 10 features linked to liver function tests. The 

attributes in the dataset include Gender, Age, Direct Bilirubin (DB), Total Bilirubin (TB), Alkaline Phosphatase (ALP), 

Aspartate Aminotransferase (Sgot), Alanine Aminotransferase (Sgpt), Albumin (ALB), Total Protein (TP), and the Albumin-

to-Globulin Ratio (A/G Ratio) [15]. These attributes provide vital information on liver health and are essential for diagnosing 

liver diseases. Table 1 presents an overview of the dataset attributes, detailing their key characteristics, while Table 2 displays 

samples from the Indian Liver Patient Dataset (ILPD). 

 

Table 1: Attributes of Indian Liver Patient Dataset (ILPD) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2: Samples of Indian Liver Patient Dataset (ILPD) 
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45 Male 1.5 0.4 210 45 40 6.8 3.5 1.2 1 (Liver Patient) 

38 Female 2.3 1.1 250 50 60 7.2 4.0 1.0 1 (Liver Patient) 

60 Male 10.9 4.5 1200 350 420 5.0 2.9 0.8 1 (Liver Patient) 

25 Male 0.8 0.2 98 25 22 6.1 3.2 1.3 2 (Healthy) 

55 Female 3.2 1.0 300 78 80 7.5 4.1 1.5 1 (Liver Patient) 

52 Male 2.1 0.6 180 40 35 7.0 3.8 1.4 1 (Liver Patient) 

47 Female 0.7 0.3 120 32 28 6.5 3.3 1.2 2 (Healthy) 

30 Male 9.0 3.0 950 280 340 5.2 3.0 1.0 1 (Liver Patient) 

41 Female 1.2 0.5 210 48 45 6.9 3.6 1.3 1 (Liver Patient) 

58 Male 6.5 2.7 700 150 200 5.8 2.7 0.9 1 (Liver Patient) 

35 Female 0.6 0.1 110 20 19 7.1 4.0 1.5 2 (Healthy) 

62 Male 8.2 4.0 1150 290 370 4.8 2.6 0.7 1 (Liver Patient) 

50 Female 3.0 1.2 310 100 95 6.3 3.4 1.1 1 (Liver Patient) 

28 Male 2.4 0.9 280 65 60 6.7 3.7 1.3 2 (Healthy) 

39 Female 1.0 0.3 130 30 25 7.4 4.2 1.6 2 (Healthy) 

48 Male 4.1 1.8 450 120 150 5.5 3.1 1.0 1 (Liver Patient) 

61 Female 7.0 3.5 920 270 330 5.0 2.8 0.9 1 (Liver Patient) 

34 Male 2.8 1.1 240 50 52 6.6 3.9 1.4 2 (Healthy) 

40 Female 0.9 0.2 140 22 21 7.3 4.1 1.5 2 (Healthy) 

56 Male 5.3 2.2 580 180 210 5.6 3.0 1.1 1 (Liver Patient) 

29 Male 0.8 0.1 105 18 20 7.2 4.2 1.6 2 (Healthy) 

Attribute Description Range Metric 

Age Age of the patient 4–90 Years 

Gender Patient's gender Male/Female N/A 

Total Bilirubin Total bilirubin level 0.4–75 mg/dL 

Direct Bilirubin Direct bilirubin level 0.1–19.7 mg/dL 

Alkaline Phosphatase Enzyme level in blood 63–2110 U/L 

ALT (SGPT) Alanine Aminotransferase enzyme level 10–2000 U/L 

AST (SGOT) Aspartate Aminotransferase enzyme level 10–5000 U/L 

Total Proteins Total protein level 2.7–9.6 g/dL 

Albumin Albumin level 0.9–6.5 g/dL 

A/G Ratio Albumin to Globulin Ratio 0.2–2.8 Ratio 

Dataset Label Liver patient status (1: Liver Patient, 2: Healthy) 1/2 N/A 
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43 Female 2.2 0.8 250 60 58 6.9 3.8 1.2 1 (Liver Patient) 

49 Male 6.1 2.9 800 200 250 5.4 2.9 0.8 1 (Liver Patient) 

37 Female 1.1 0.4 170 40 35 7.0 3.6 1.3 2 (Healthy) 

46 Male 4.8 1.6 500 140 180 5.7 3.2 1.1 1 (Liver Patient) 

32 Female 2.6 1.0 260 55 60 6.5 3.5 1.2 2 (Healthy) 

53 Male 7.5 3.2 870 240 300 5.3 2.7 0.9 1 (Liver Patient) 

44 Female 1.7 0.7 220 48 42 6.8 3.4 1.2 1 (Liver Patient) 

59 Male 9.2 4.7 1300 320 400 4.6 2.4 0.7 1 (Liver Patient) 

36 Female 1.5 0.5 190 34 30 6.9 3.8 1.3 2 (Healthy) 

50 Male 5.9 2.5 780 190 220 5.6 3.1 1.0 1 (Liver Patient) 

42 Female 2.9 1.2 280 68 65 6.4 3.7 1.1 2 (Healthy) 

45 Male 1.5 0.4 210 45 40 6.8 3.5 1.2 1 (Liver Patient) 

38 Female 2.3 1.1 250 50 60 7.2 4.0 1.0 1 (Liver Patient) 

3.1.2. Data Pre-processing 

 

Pre-processing tabular data involves cleaning, transforming, and preparing the features to ensure that models like TabNet can 

efficiently learn the relationships and make accurate predictions. The pre-processing steps can differ depending on the dataset's 

characteristics and the chosen model but typically include tasks such as managing missing data, encoding categorical variables, 

normalizing numerical features, performing feature engineering, and dividing the dataset into training and testing subsets. The 

features in the dataset capture various physiological and biochemical markers crucial for diagnosing liver dysfunction. 

Heatmaps generated by models like TabNet, Random Forest, and Logistic Regression offer visual insights into the importance 

of these attributes in the prediction process, enhancing model interpretability. Figures 2, 3, and 4 show the heatmaps of TabNet, 

Random Forest, and Linear Regression models, respectively. 

 

In the TabNet model, the heatmaps provide an instance-specific view of feature importance, highlighting how attributes 

influence predictions for individual cases. For example, Total Bilirubin and Direct Bilirubin may show high attention for 

patients with jaundice, while attributes like Alanine Aminotransferase and Aspartate Aminotransferase might dominate in cases 

of hepatitis. The dynamic nature of the attention mechanism in the TabNet model allows it to focus on the most relevant features 

for each prediction, making it specifically valuable for understanding personalized risk factors in liver disease diagnosis. 

Heatmaps for Random Forest and Logistic Regression models provide more static, global insights. Random Forest heatmaps 

aggregate feature importance across all decision trees, often emphasizing attributes like TB, Sgpt, and Sgot, which are strong 

indicators of liver health. On the other hand, Logistic Regression heatmaps depict the magnitude and direction of feature 

coefficients, emphasizing the linear connection between the features and the target variable. Attributes like A/G Ratio and 

Albumin may have moderate importance but are still crucial for identifying chronic liver conditions. Together, these heatmaps 

enable a comprehensive understanding of feature contributions for liver disease prediction. 

 

 
 

Figure 2: Heatmap for Random Forest Feature 
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Figure 3: Heatmap for Logistic Regression 

 

3.2. Feature Selection 

 

Feature selection is a crucial technique for reducing the dimensionality of a dataset, improving the efficiency of machine 

learning algorithms during model training. Concentrating on the most relevant features reduces model complexity, leading to 

faster computations and simpler result interpretation. TabNet, Random Forest, and Logistic Regression are used for feature 

selection, with TabNet proving to be the most effective method. Unlike Random Forest, which randomly samples features 

during decision tree construction, TabNet ensures a more robust and efficient selection process. This technique focuses on the 

most informative attributes, enhancing predictive accuracy and minimizing overfitting risks. 

 

 
 

Figure 4: Heatmap for TabNet model 

236



 

Vol. 2, No.4, 2024 

3.3. Training 

 

3.3.1. TabNet  

 

The TabNet architecture is designed specifically to handle tabular data, integrating decision-tree-like interpretability with the 

power of neural networks. It stands out for its ability to perform sparse feature selection, allowing it to focus dynamically on 

the most significant features for each instance at each decision step. This is achieved through a sequential, multi-step processing 

pipeline, where each step in the network applies a feature selection mask and passes a subset of refined features to the next 

stage. These masks act like filters, enabling the model to selectively emphasize key features in an instance-wise manner, thus 

identifying complex patterns available in the data without overwhelming the model with irrelevant details. This approach also 

reduces parameter usage and enhances model efficiency by ignoring features that don't contribute to accurate predictions. 

 

 
 

Figure 5: TabNet encoder architecture 

 

Figure 5 illustrates the TabNet encoder architecture, while Figure 6 depicts the TabNet decoder architecture. The TabNet 

encoder is responsible for processing the input data and extracting meaningful feature representations. It uses the Feature 

Transformer to perform feature-wise transformations and the Attentive Transformer to guide feature selection via attention. 

This encoder architecture enables TabNet to handle high-dimensional inputs and maintain feature interpretability. The 

encoder’s outputs are then passed to the TabNet decoder, which performs the final decision-making process. The decoder 

aggregates the refined features from the encoder using the decision embedding and produces predictions. This multi-step 

attention mechanism allows TabNet to be capable of learning from complex, high-dimensional data while ensuring 

interpretability.  

 

 
 

Figure 6: TabNet decoder architecture 

 

At the core of TabNet are two key components: The Feature Transformer and the Attentive Transformer. The Feature 

Transformer processes the selected features through multiple layers of non-linear transformations, using techniques such as 

Gated Linear Units (GLU) and batch normalization to stabilize the learning process. The Attentive Transformer applies a sparse 
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mask to refine feature selection further, enabling the model to concentrate on the most important features. These transformers 

work together across several decision steps, progressively refining the feature representation. The model aggregates the outputs 

using residual connections at each step, resulting in a final, robust decision embedding. The TabNet loss function is designed 

to facilitate the efficient selection of features by incorporating a sparsity regularization term and a standard task-specific loss 

(e.g., cross-entropy for classification). The loss equation is in detail as follows: 

 

Task-Specific Loss (𝐿𝑡𝑎𝑠𝑘): This part of the loss depends on the task. It might be cross-entropy loss for classification, while for 

Regression, it could be mean squared error (MSE). Let’s denote it generically as 𝐿𝑡𝑎𝑠𝑘. 

 

Sparsity Regularization Loss (𝐿𝑠𝑝𝑎𝑟𝑠𝑒): To encourage sparse feature selection, TabNet includes a sparsity regularization term. 

𝐿𝑠𝑝𝑎𝑟𝑠𝑒. This term penalizes the model based on the entropy of the sparse masks. 𝑀𝑐,𝑗[𝑖], calculated at each decision step: 

 

𝐿𝑠𝑝𝑎𝑟𝑠𝑒 = −
1

𝐾𝑠𝑡𝑒𝑝𝑠.𝐶
∑ ∑ ∑ 𝑀𝑐,𝑗[𝑖]log⁡(𝑀𝑐,𝑗[𝑖] + 𝜖)𝐹

𝑗=1
𝐶
𝑐=1

𝐾𝑠𝑡𝑒𝑝𝑠
𝑖=1

   (1) 

 

where, 𝐾𝑠𝑡𝑒𝑝𝑠. : Represents the Number of decision steps, 𝐶 denotes the batch size, 𝐹 represents the Number of features, 𝜖 is a 

small constant to ensure numerical stability. 

 

Overall Loss (L): The total loss L is the combination of the task-specific loss and the sparsity loss, weighted by a coefficient  

𝜆𝑠𝑝𝑎𝑟𝑠𝑒 To control the influence of the sparsity regularization: 

 

𝐿 = 𝐿𝑡𝑎𝑠𝑘 + 𝜆𝑠𝑝𝑎𝑟𝑠𝑒𝐿𝑠𝑝𝑎𝑟𝑠𝑒 ⁡           (2) 

 

This formulation enables TabNet to optimize for both the accuracy of the task and efficient, sparse feature utilization, making 

it highly suitable for processing high-dimensional tabular data. 

 

3.3.2. Random Forest 

 

The Random Forest algorithm is an ensemble method that creates multiple decision trees during training. For classification, it 

returns the most frequent class prediction, and for Regression, it calculates the average of the individual tree predictions. This 

technique boosts accuracy and helps prevent overfitting by combining the outputs of several trees. Random Forest employs 

bootstrap aggregating (bagging) to generate several data subsets, training a decision tree. The key steps involved are: 

 

• Bootstrapping: Sample data points randomly with replacement to create several training datasets. 

• Tree Construction: A decision tree is constructed for each subset by selecting a random set of features to split the 

nodes. 

• Prediction: For a new input instance, the predictions from all trees are aggregated to make the final prediction, using 

majority voting for classification or averaging for Regression. 

 

The final Prediction for Random Forest is computed as: 

 

𝑦̂ =
1

𝑇
∑ ℎ𝑡(𝑥)
𝑇
𝑡=1         (3) 

 

where T = Number of trees,  ℎ𝑡(x) = prediction from the tree 

 

3.3.3. Logistic Regression 

 

Logistic Regression is a statistical method used for binary classification. It estimates the probability of an input belonging to a 

specific class by fitting the data to a logistic curve and applying the logistic function to the output. The logistic regression model 

is expressed as: 

 

ℎ𝜃(𝑥) =
1

1+𝑒−𝜃𝑇𝑥
       (4) 

 

Where h_θ (x) represents the predicted probability of the positive class, θ is the coefficient vector representing the connection 

between input features and the output, and x is the input feature vector.  

 

• Initialization: Initialize the coefficients θ to small random values or zeros. 
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• Prediction: For each training sample, estimate the predicted probability using the logistic function. 

• Update Weights: The coefficient θ is updated using the gradient descent, which adjusts 𝜃 to minimize the loss 

function. 

 

4. Experimental Setup 

 

4.1. Training 

 

The TabNet model for liver disease prediction is optimized through carefully selected hyperparameters tailored to tabular 

medical data. Important settings include 3 to 6 decision steps, which allow for precise feature selection, and a batch size of 256 

to maintain memory efficiency. A virtual batch size of 128 enhances batch normalization stability, while a learning rate of 0.02 

supports steady convergence. The gamma parameter, set at 1.5, encourages sparsity, focusing the model on the most relevant 

features. Additionally, an optimizer momentum of 0.95 accelerates convergence.  

 

Hyperparameter tuning is guided by validation performance, incorporating regularization techniques such as weight decay and 

sparse feature masking to mitigate overfitting. With these settings and the Adam optimizer, the TabNet model achieves robust 

performance in accurately predicting liver disease. The performance of the TabNet model for predicting liver disease is 

analyzed and compared with conventional machine learning algorithms, namely Random Forest and Logistic Regression. This 

comparative analysis highlights TabNet's advantages in handling complex feature interactions within tabular data, as it employs 

sequential attention mechanisms to focus on relevant features more effectively than conventional methods. 

 

4.2. Evaluation 

 

After training, the models are thoroughly evaluated using a test dataset to measure performance metrics such as accuracy, 

precision, recall, and F1-score. Cross-validation techniques are used to ensure result reliability, and metrics like ROC-AUC 

(Receiver Operating Characteristic - Area Under Curve) are calculated to better assess the models' performance. The results 

demonstrate high accuracy in predicting liver disease progression, making the models suitable for real-world healthcare 

applications. These predictive models are integrated into clinical decision support systems, helping healthcare professionals 

make informed decisions on early interventions and treatment for high-risk patients. This comprehensive evaluation process is 

crucial for validating the effectiveness of the proposed methods in improving proactive healthcare strategies. 

 

4.3. Implementation 

 

Implementing real-time liver disease prediction in a mobile app involves deploying a compact and optimized version of a 

predictive model, such as TabNet, using frameworks like TensorFlow Lite or ONNX for mobile compatibility. Users submit 

relevant information, such as liver function test results and demographic data. The app pre-processes on-device to ensure 

consistency with training data. Real-time predictions are generated locally, giving users interpretable feedback on their liver 

health risk.  

 

To ensure data security, robust encryption and user authentication safeguard sensitive health information, while periodic 

notifications encourage users to update their information regularly. This approach creates an accessible, private, and efficient 

liver disease risk assessment tool directly on mobile devices. Integrating real-time monitoring systems will facilitate timely 

interventions and personalized patient treatment approaches. Overall, the goal is to create a holistic, data-driven framework for 

liver disease management that addresses the complexities of patient care while maintaining ethical standards for data privacy 

and security. 

 

5. Results and Discussions 

 

The TabNet model, with its deep-learning approach optimized for tabular data, demonstrated strong performance in liver 

disease prediction, leveraging an attention-based mechanism to prioritize relevant features. Evaluated on the UCI Liver Patient 

Dataset and the Indian Liver Dataset, TabNet achieved a balanced accuracy and high precision, effectively minimizing false 

positives, which is critical in a diagnostic setting. Although its recall was slightly lower, TabNet's strong specificity and F1-

score underscore its reliability in distinguishing between healthy and affected patients. The model’s focus on reducing 

misclassifications provides confidence in its predictive power for liver disease detection.  

 

Compared with TabNet, the Random Forest model, augmented by SMOTE to balance the dataset, excelled across all metrics, 

particularly in precision and F1-score. This model consistently outperformed others, delivering high recall and specificity, 

highlighting its accuracy in identifying cases and minimizing false positives. Random Forest's strong performance is ideal for 

healthcare applications that demand balanced and accurate predictions. The SMOTE-enhanced Random Forest’s robustness 
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against data imbalance makes it adaptable to real-world medical datasets, where minority class instances (e.g., patients with 

liver disease) are common. 

 

In contrast, Logistic Regression exhibited the highest recall, making it suitable for applications where identifying every possible 

case of liver disease is prioritized, even if it means slightly higher false-positive rates. This model's lower precision indicates a 

trade-off: while all cases are likely to be detected, there may be an increase in misdiagnosing healthy individuals. Based on 

these findings, Random Forest with SMOTE is the optimal model for comprehensive, balanced performance. Meanwhile, 

TabNet remains a strong choice for high-precision and high-recall scenarios.  

 

In Table 3, the performance of the TabNet model in liver disease prediction is particularly impressive, achieving high scores 

across all key metrics: accuracy (0.99), precision (0.99), recall (1.0), and F1-score (0.99). These results demonstrate TabNet’s 

exceptional capability to correctly identify patients with liver disease and those without while maintaining a low 

misclassification rate. The model’s high accuracy confirms its general reliability, making it an effective tool for diagnostic 

predictions. 

 

Table 3: Performance Metrics for Each Model 

 

Metric Random Forest Logistic Regression Tabnet Model 

Precision 0.99 0.73 0.99 

Recall 1.00 0.90 1.00 

F1-Score 0.99 0.83 0.99 

A key highlight of TabNet’s performance is its perfect recall (1.0), which successfully identified every positive case of liver 

disease in the dataset. This is crucial in a healthcare setting where missing a diagnosis can have severe consequences. TabNet’s 

attention-based mechanism, which helps the model focus on the most relevant features, likely plays a significant role in 

achieving this high recall. The high precision (0.99) also ensures that the model is sensitive to true positives and minimizes 

false positives. This combination of high recall and high precision is rare and valuable, as it indicates that the model is balanced, 

effectively identifying cases without compromising specificity. 

 

Furthermore, TabNet’s F1-score (0.99), the harmonic mean of precision and recall, underscores its balanced performance, 

making it a strong choice for real-world medical applications where both high sensitivity and accuracy are critical. This score 

reflects TabNet’s ability to handle complex decision boundaries in the liver disease datasets, effectively distinguishing between 

cases with intricate patterns. Overall, TabNet's consistently high scores across all metrics showcase its potential as a leading 

model for liver disease prediction, capable of supporting healthcare professionals in making reliable, data-driven diagnoses. 

 

 
 

Figure 7: Accuracy Comparisons for Three Models 

 

Figure 7 compares the accuracy obtained on three machine learning models: Random Forest, Logistic Regression, and TabNet. 

Random Forest exhibits the highest accuracy at 1.00, followed by TabNet at 0.96, and then Logistic Regression at 0.73. These 

240



 

Vol. 2, No.4, 2024 

results reveal that Random Forest is one of the most accurate algorithms for the given task, while Logistic Regression is the 

least accurate. Accuracy is a metric that quantifies the percentage of correct predictions a model makes. 

 

 

 
 

Figure 8: ROC Curve for Random Forest 

 
 

 

Figure 9: ROC Curve for Logistic Regression 

 

  
 

Figure 10: ROC Curve of TabNet Model along with Random Forest and Logistic Regression 

 

The analysis of Figures 8, 9, and 10 highlights the comparative performance of three machine learning models—Logistic 

Regression, Random Forest, and TabNet—for liver disease prediction. Random Forest indicates a flawless classification 

performance by achieving a perfect AUC of 1.00. At the same time, TabNet follows closely with an impressive AUC of 0.99, 

demonstrating robust predictive capability and making it a strong contender. Logistic Regression, with an AUC of 0.76, 

performs moderately but is outclassed by the advanced architectures of Random Forest and TabNet. The near-perfect AUC of 

TabNet emphasizes its effectiveness, showcasing its ability to handle tabular data efficiently, making it a highly suitable choice 

for this predictive task. 

 

 
 

Figure 11: Confusion Matrix (a) TabNet Model, (b) Random Forest Model, (c) Logistic Regression Model 
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Figure 11 shows the Confusion Matrix of the TabNet Model, Random Forest Model, and Logistic Regression Model. TabNet 

demonstrates exceptional performance, with a true negative rate of 99% and a perfect true positive rate of 100%. This means it 

can correctly identify nearly all cases without liver disease (true negatives) and detect all cases with liver disease (true positives). 

The model has no false positives, meaning it does not mistakenly classify healthy individuals as having liver disease. 

Additionally, it has a minimal false negative rate of 1%, indicating that only 1% of actual liver disease cases are missed. 

TabNet's balanced and highly accurate predictions make it the most reliable model among the three, especially for critical 

medical diagnoses where misclassification can have severe consequences. Random Forest performs well but falls slightly short 

compared to TabNet. It achieves a true negative rate of 90% and a true positive rate of 91%, indicating that it correctly identifies 

most healthy individuals and those with liver disease. However, the model has a false positive rate of 8%, meaning it 

occasionally classifies healthy individuals as having liver disease. Similarly, its false negative rate of 9% suggests that a small 

portion of diseased cases is missed. While Random Forest provides decent performance, the higher rates of false positives and 

false negatives could pose challenges in scenarios where precise classification is critical. 

 

 
 

Figure 12: Training and validation accuracy for TabNet 

 

 
 

Figure 13: Training and validation loss for TabNet 

 

Logistic Regression shows the weakest performance among the three models. It achieves a true negative rate of 68%, meaning 

it correctly identifies only 68% of healthy individuals while misclassifying 22% of them as having liver disease (false positives). 

The true positive rate is 75%, indicating it identifies most diseased cases but misses a significant 29% of them (false negatives). 

These higher false positive and false negative rates highlight its limitations in accurately distinguishing between healthy and 

diseased individuals. Consequently, Logistic Regression may not be ideal for high-stakes applications where accuracy is 

paramount. TabNet significantly outperforms Random Forest and Logistic Regression, offering near-perfect classification and 

minimal errors. Random Forest is a viable alternative with slightly reduced accuracy, while Logistic Regression struggles with 

a higher error rate, making it less suitable for liver disease prediction. 

 

Figure 12 presents the training and validation accuracy of a TabNet model, while Figure 13 shows the training and validation 

loss. The metrics training and validation loss, as well as accuracy, are critical for evaluating the performance of a TabNet 

architecture in liver disease prediction. Training loss quantifies the variation between the actual labels in the training set and 

the model's predicted values. A lower training loss employs the model to learn the data's patterns effectively. Training accuracy 

indicates the frequency of correct predictions on the training data, typically improving as the model trains. In contrast, validation 

loss is computed on a separate dataset to evaluate the model's generalization ability to unseen data. If validation loss rises while 

training loss decreases, it may signal overfitting, where the model becomes too attuned to the training data and struggles to 

generalize.  

 

Validation accuracy indicates the proportion of correct predictions on the validation set, reflecting the model's performance on 

real-time data. These metrics are vital for real-time liver disease prediction to ensure the TabNet model yields accurate and 

trustworthy results. A desirable model exhibits low training and validation loss and high accuracy, indicating it is learning well 

from the training data and generalizing effectively to real-time data. If overfitting is observed (e.g., high training accuracy and 

low validation accuracy), techniques like early stopping, regularization, or cross-validation can be applied to enhance 

performance. By monitoring these metrics during training, we can ensure that the TabNet model performs reliably in real-world 

settings, assisting clinicians in making informed and timely decisions for liver disease diagnosis and treatment.
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Figure 14: Sample Prediction (Low risk of Liver disease) 

 
 

Figure 15: Sample Prediction (High risk of Liver disease) 

 

The web-based liver disease prediction tool is a valuable resource for healthcare professionals, providing an efficient way to 

assess liver disease risk using patient data. After users enter key health parameters, such as Total Bilirubin, Direct Bilirubin, 

Alkaline Phosphatase, Alanine Aminotransferase, Total Proteins, Albumin, and Albumin-Globulin Ratio, the system processes 

the data through an advanced machine learning model. Trained on an extensive dataset of patient records, the model evaluates 

the input information to estimate the likelihood of liver disease. It is designed to analyze the complex relationships between 

these biomarkers and their potential link to liver disease, offering a more accurate and streamlined approach to diagnosis. After 

the patient data is processed, the system generates a risk assessment that categorizes the individual's condition, indicating 

whether they are at low or high risk of liver disease.  

 

Figure 14 illustrates a sample prediction where the outcome shows a “Low risk of liver disease.” In this case, the system 

indicates that the patient's test results do not suggest any significant concerns related to liver health, providing reassurance to 

both the patient and the healthcare provider. Conversely, Figure 15 depicts a sample prediction for a "High risk of liver disease," 

signaling the potential need for further diagnostic testing and immediate medical intervention. This prediction highlights a more 

serious scenario where the liver may be severely compromised, prompting urgent follow-up action. These two example 

outcomes demonstrate the system's ability to provide nuanced insights into liver health, helping healthcare professionals make 

timely and informed decisions regarding treatment or further examination, thus enhancing overall patient care and clinical 

outcomes. 

 

6. Conclusion 

 

The TabNet model proposed for early liver disease prediction outperforms traditional models like Random Forest and Logistic 

Regression in accuracy and reliability. The system provides real-time analysis, enabling healthcare providers to make informed 

decisions with actionable insights for early intervention and personalized treatment. Continuous patient data monitoring, real-

time alerts, and the ability to adjust the model's confidence threshold further enhance its practicality. Additionally, the system 

supports batch data analysis for retrospective evaluations and compares confidence scores from different models to optimize 

performance. This flexible, robust solution suits various healthcare settings, ensuring high accuracy, interpretability, and 

effective risk prediction for liver disease management. 
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