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Abstract  

Liver diseases (e.g. cirrhosis, hepatitis, and fatty liver disease) are globally one of the leading causes of mortality and are 

typically diagnosed in advanced stages due to vague symptoms and the difficulty involved in existing diagnostic techniques 

(e.g. biopsies). To optimize the early diagnosis of liver disease, this study proposes an enhanced, non-invasive approach using 

machine learning techniques. The research is enriched with a full pipeline, from exploratory data analysis and imputation of 

the dataset, treatment of the outlier, encoding of labels and scaling using ILPD (Indian Liver Patient Dataset). The 

classification models compared were RandomForest, XGBoost, LGBM, and CatBoost. The CatBoost algorithm fine-tuned with 

RandomizedSearchCV showed the highest performance with a test accuracy of 93%. The performance was again better than 

any already published methods showing that advanced ensembling and hyperparameter optimization worked. The proposed 

model is suitable for incorporation into clinical decision support systems and provides reliable and accurate diagnostic 

assistance. In addition to its high accuracy, the model is robust for missing and categorical data, which is a challenge in any 

real-world clinical scenario. These findings add to the growing body of evidence supporting AI-based medical diagnostics and 

suggest that CatBoost is a highly promising tool for facilitating timely screening and diagnosis of liver disease. Furthermore, 

the study stresses the need for thorough preprocessing and cross-validation, which serve to reduce biases that are present in 

widely applied datasets. Ongoing future efforts may involve the integration of multi-source data and implementation of 

explainable AI techniques to allow for wider clinical trust and use. 
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1. Introduction  

Liver diseases, such as cirrhosis, hepatitis, and fatty 

liver disease, represent a major global health concern, 

accounting for millions of deaths annually. Early 

diagnosis and timely treatment are critical for 

preventing complications like liver failure and liver 

cancer [1], [2]. Therefore, the liver is very 

compensatory, and only 30% of the liver is sufficient to 

meet the body's normal functioning. Symptoms are 

extremely uncommon and typically do not indicate the 

initial phases of liver damage. In most patients, liver 

disease is diagnosed at an advanced stage [3]. 

However, conventional diagnostic methods like liver 

biopsies are costly, painful, and invasive to the patient. 

These challenges have resulted in increasing efforts 

toward creating non-invasive diagnostic tools to aid in 

early diagnosis and improve patient treatment. In the 

past few years, ML has received much attention as a 

disruptive innovation in medical diagnosis. Machine 

learning (ML) is an emerging method for medical 

diagnosis that is quick, accurate, and automated disease 

classification. ML algorithms tend to perform well in 

analyzing big data, a specialty of human clinicians, but 

not to the same extent. ML algorithms are capable of 

helping healthcare systems improve the clinical 

diagnosis processes, strengthen the systems by 

decreasing the possibility of errors, and lessen the 

ferocity of procedures that are known to be invasive 

[4]–[6]. Smarter machine learning models can achieve 

superior liver disease diagnosis by simultaneously 

capturing and analyzing clinical exam and lab test 

findings [7]–[9]. Liver disease's clinical symptoms are 

usually used for diagnosing diseases while using 

machine learning algorithms to recognize the associated 

patterns of the disease in the dataset [10]. 

https://doi.org/10.29207/resti.v9i4.6449
https://creativecommons.org/licenses/by/4.0/
https://www.iaii.or.id/
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The use of machine learning with ILPD as it relates to 

connecting clinical features to liver disease indicators 

like hemoglobin, total bilirubin, SGOT, and SGPT is 

noteworthy. Previous research has pointed out 

weaknesses in the dataset's limitations such as the small 

sample size and suspected geographical bias, which 

undoubtedly paints a picture of a defined population 

group. These considerations may affect the applicability 

of ML algorithms trained with ILPD data, which 

emphasizes the need to validate such models against 

more diverse data for broader clinical endorsement. 

This study attends to these issues by employing 

effective cross-validation methodologies while 

proposing more representative and larger datasets for 

enhanced model performance  [11]. 

However, although ML models offer important 

benefits, such as high levels of predictive accuracy and 

effectiveness in classifying large amounts of data, they 

are not without drawbacks, such as interpretability, 

possibility of bias, and the necessity for large training 

data sets. Counteracting these frailties is essential for 

establishing trustworthy and clinically relevant ML-

based diagnostic tools. 

Tanwar et. al. [12] discussed the comparison between 

ML-based and conventional non-ML techniques for 

liver disease diagnosis indicated that the traditional 

methods included, among others, liver function tests, 

imaging by ultrasonographic, CT, MRI elastographic, 

and biopsy, which were dependent on manual 

interpretation, time-consuming, and often required an 

expert involvement. The ML approaches automatically 

analyze the data, enhancing diagnostic accuracy and 

enabling earlier disease detection by identifying 

patterns in humongous datasets. The CNN model 

techniques exhibited increased performance potency in 

processing medical imaging and predicting disease 

pathways in specific cases. Additionally, ML enabled 

predictive analytics, in which doctors could assess 

patient risk and tailor treatment decisions accordingly. 

However, ML models did not have large-scale real-

world validation, making them less reliable in the 

clinical milieu. Furthermore, their integration called for 

quality medical data, the computational structure to 

support wide-scale implementation, and tackling 

regulatory challenges before they can be entered into 

normal operations.  

Minnor and Baths [13] evaluated the proficiency of 

many supervised ML algorithms in identifying liver 

disease using blood enzyme levels, such as Logistic 

Regression, etc. According to the study, the Extra Trees 

classifier was the most effective technique for prompt 

and precise diagnosis, with a maximum accuracy of 

88.94% and an F1 score of 0.88. The study showed that 

using machine learning in the medical industry to 

supplement human experience and lower clinical 

diagnosis errors is feasible. However, the paper’s 

limitations include a geographically biased dataset, 

which may not generalize well to diverse populations, 

and a relatively small sample size of 583 data points, 

potentially affecting the robustness of the model 

training.  

Ghazal et. al. [14] presented an advanced predictive 

model for the early detection of liver disease by 

leveraging ML methodologies. The researchers 

emphasized the critical importance of the timely 

identification of liver disease a worldwide major health 

issue. The model applied machine learning approaches 

to incorporating Artificial Neural Networks (ANN), 

which led to an estimated predictive accuracy of 88.4% 

and an error rate of 0.1164. The authors constructed and 

trained a model and tested it with a machine learning 

dataset from UCI Machine Learning Repository to 

verify the model's efficiency compared to the 

conventional liver disease diagnosis methods in terms 

of costs and time. The authors erroneously specified the 

tool that can be used as (ANN) and focused only on the 

lack of advantages of integrating multiple algorithms or 

hybrid models for better accuracies and robustness in 

liver disease prediction without examining the scenario 

from multiple facets.  

Geetha and Arunachalam [15] evaluated methods for 

utilizing ML algorithms to predict liver disease. It 

aimed to enhance early detection of liver disease, which 

is essential for enhancing patient survival rates. The 

study compared various classification algorithms, 

including Linear Regression and SVM, to classify 

healthy individuals from liver datasets. According to 

the study, Logistic Regression had an accuracy of 

73.23%, while Support Vector Machine (SVM) reached 

the maximum accuracy of 75.04%. The findings 

suggest that machine learning techniques hold 

substantial potential in facilitating the early diagnosis of 

liver diseases, thereby enhancing treatment 

effectiveness. However, the paper notes that the dataset 

used for training and testing was inadequate, leading to 

underperformance in diagnosing liver diseases. 

Afreen et. al. [16] presented a ML system to categorize 

patients with liver illness using gradient boosting 

algorithms, particularly CatBoost and LightGBM, 

based on the Indian Liver Patient Dataset (ILPD). The 

data were subject to extensive pre-processing, 

comprising missing value imputation and outlier 

detection utilizing the Isolation Forest technique. 

Random Forest and Extra Trees techniques were used 

for feature selection to enhance model performance. 

Comparative analysis dealt with the performance 

evaluation of CatBoost and LightGBM through 

precision, accuracy, recall, and F1-score. The 

experiments exhibited that the CatBoost model attains a 

high classification accuracy of 86.8%, exceeding the 

performance of LightGBM and dominating prior 

approaches documented in the literature. Yet, the key 

focus of the paper was improving classification 

accuracy and did not address alternative datasets or 

techniques for balancing data and selecting features.  

Nigatu et. al. [17] presented several supervised ML 

algorithms for liver disease prediction using the ILPD. 
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Eight algorithms were used such as Random Forest, 

Artificial Neural Network (ANN), etc. ANN had the 

best accuracy (87%) among all methods. Feature 

scaling was done on the data and hyperparameter tuning 

was done via grid search. The top-performing model 

can, therefore, be integrated into a decision support 

system to facilitate early detection of liver disease, 

especially in regions where there are limited resources. 

However, The study focused the majority centered on 

the Indian Liver Patient Dataset and did not investigate 

the performance gains that data like genetics or 

personalized treatment suggestions could make for the 

predictions offered.  

Ghosh et. al.  [18] presented seven predictive models 

composed of Logistic Regression alongside AdaBoost, 

etc to anticipate chronic liver disease. The data came 

from UCI Machine Learning Repository and contained 

583 instances with ten attributes, and liver disease 

affected 71.36% of patient samples. The predictive 

algorithm that performed best among all tested systems 

was Random Forest due to its accuracy reaching 

83.76%. The effectiveness of Random Forest exceeds 

other algorithms for detecting liver disease at early 

stages based on the provided dataset. The study used 

only a solitary dataset and omitted testing various 

feature engineering methods and multiple model fusion 

methods to enhance performance. 

Hartatik et. al. [19] evaluated liver disease prediction 

using K-Nearest Neighbors (KNN) and Naïve Bayes 

algorithms. This study utilized the ILPD Indian Liver 

Patient Dataset, which included 583 instances between 

liver and non-liver patients. The research showed Naïve 

Bayes performed better than KNN, with AUC scores 

reaching 72.5% and 63.19%, respectively, for this 

particular classification task. The study showed limited 

data collection as its main weakness since it failed to 

investigate what advances would result from combining 

multiple algorithms or implementing sophisticated 

feature selection techniques. 

Sadhasivam et. al. [20] used Support Vector Machine 

(SVM) algorithms to predict liver diseases. The authors 

employed SVM through Weka and Python tools for 

analyzing patient datasets, including liver disease 

markers. The team prepared the data by trimming 

unordinary values and eliminating repeated entries 

before constructing their model. Analysis indicated that 

SVM functions within Python surpassed the Weka 

software, resulting in an 87.09% accuracy rate, while 

Weka demonstrated 69.10% accuracy. The research 

investigation concentrated on a restricted collection of 

characteristics without evaluating how multiple 

classifying systems might aid in better results. 

Existing studies on the prediction of liver disease 

prediction using ML techniques have focused on 

various models such as SVM, Naïve Bayes, Random 

Forest, and Neural Networks, demonstrating their 

potential for improving diagnosis accuracy. However, 

many of these works rely on small datasets, 

predominantly the Indian Liver Patient Dataset, which 

limits their generalizability across diverse populations. 

Furthermore, while individual algorithms have shown 

promising results, integrating multiple models or 

applying hybrid approaches remains underexplored. 

Few studies have also addressed the challenges of 

imbalanced datasets, missing values, and the potential 

to incorporate advanced feature engineering or 

additional data sources like genetic information to 

improve model robustness. 

This research makes several key contributions to the 

field of liver disease diagnosis and machine learning, 

including: (1). The development of a highly accurate 

machine learning model, using CatBoost, for liver 

disease diagnosis, achieving an accuracy of 91.47%. 

(2). Advanced hyperparameter tuning techniques, such 

as RandomizedSearchCV, were applied to enhance the 

performance of models like XGBoost and CatBoost. 

(3). A comprehensive evaluation of multiple machine 

learning models was conducted, with detailed 

comparisons across performance metrics. (4). The 

proposed model is designed for integration into clinical 

decision support systems, improving early liver disease 

detection and diagnosis. 

This research proposed developing predictive models to 

distinguish liver disease patients from healthy 

individuals, utilizing algorithms like RandomForest, 

XGBoost, LGBM, and CatBoost. The goal is to 

recognize the most suitable model by evaluating 

accuracy, precision, recall, and F1-score, while also 

optimizing performance through hyperparameter 

tuning. This research supports the enhancement of ML 

in medical diagnostics, specifically for liver disease 

classification.  

This paper is structured as follows: Section 1 outlines 

the motivation for applying machine learning in non-

invasive liver disease diagnosis, relevant literature, 

comparing models and identifying research gaps. 

Section 2 describes the dataset, preprocessing, model 

selection, and hyperparameter tuning. Section 3 

presents and analyzes results, highlighting the optimal 

model. Section 4 concludes with key findings and future 

research directions, such as using larger datasets and 

exploring hybrid models. 

2. Methods 

The method proposed in this research consists of eight 

stages: data acquisition, exploratory data analysis 

(EDA), data preprocessing, data splitting, model 

selection, hyperparameter tuning, model training, and 

model evaluation. The dataset used in this research is 

the Indian Liver Patient Dataset (ILPD) data. This 

dataset has 11 columns and 1700 rows. The research 

flowchart is presented in Fig. 1. 
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Figure 1. Flowchart of the research experiment 

2.1 Data Acquisition 

Due to its high popularity concerning liver disease 

classification and the availability of labeled clinical 

attributes, ILPD was chosen with high consideration for 

this study. In contrast to other liver disease datasets, 

ILPD is unique in providing a good balance of features, 

such as hemoglobin levels, total bilirubin, SGOT, and 

SGPT, all of which are paramount in the diagnosis of 

liver conditions. In addition, it has previously served as 

a benchmark dataset, allowing a direct comparison with 

existing research. 

The dataset, which contains clinical data such as patient 

demographics and biochemical markers, is loaded using 

the pd.read_csv() function. The dataset 𝐷 can be 

represented as Equation 1. 

𝐷  =  {(𝑥1,  𝑦1),  (𝑥2,  𝑦2),   … ,  (𝑥𝑛,  𝑦𝑛)}            (1) 

where 𝑥𝑖 denotes the feature vector associated with the 

i-th patient and y_i  represents the corresponding label, 

indicating the presence y=1 or absence y=0 of liver 

disease. 

2.2 Exploratory Data Analysis (EDA) 

Exploratory Data Analysis (EDA) is fundamental to 

comprehensively examining the underlying structure 

and distribution of the data [20].  

EDA allows for identifying missing and inconsistent 

data that needs proper handling through methods like 

imputation or removal to maintain data quality for 

machine learning. A clean dataset appears for model 

building after conducting this process. 

2.3 Data Preprocessing 

Data preprocessing involves transforming categorical 

variables while applying scale techniques to numerical 

features to prepare the dataset for machine learning 

applications [21], [22]. The present study has used 

multiple imputation techniques to address missing 

values. Categorical variables, like gender, were imputed 

using mode imputation, while numerical variables like 

SGOT and SGPT levels used imputation by the median 

to avoid skewing of the data distribution. Outliers in 

biochemical markers are identified and treated by 

applying the IQR method for their information to be 

consistent before training the models.  

Categorical Variable Encoding: Categorical variables 

such as gender are encoded using LabelEncoder(). For 

a categorical variable with 𝑚 distinct categories, the 

label encoding function assigns each category 𝑐𝑘  a 

unique integer as shown in Equation 2. 

Encoded(𝑐𝑘)  =  𝑘, 𝑘 ∈  {0,  1,   … ,  𝑚 − 1}               (2) 

Feature Scaling: Numerical features are scaled to a 

fixed range using the MinMaxScaler. The 

transformation for each feature 𝑥𝑗 is defined as Equation 

3. 

xj′  =  
xj −  min(xj)

max(xj) −  min(xj)
 (3) 

This ensures that all features lie within the range [0,1], 

which improves the convergence of gradient-based 

algorithms. 

2.4 Data Splitting 

The generalization ability evaluation method divides 

the available dataset into two partitions where the 

training set contains 80% of data and the testing set 

consists of the remaining 20%. When splitting the data 

through the train_test_split() function the program 

reserves 80% for training purposes and dedicates 20% 

for testing purposes. Using random_state=42 as a seed 

parameter enables reproducibility, and the testing set 

receives 20% of the data for performance testing 

evaluation. Model learning and parameter optimization 

occur using the training dataset, but the testing dataset 

functions to determine generalization capabilities and 

prediction outcomes from new data points [23]. The 

split is expressed as Equation 4. 

Xtrain,  Xtest,  ytrain,  ytest  =
 train_test_split(X,  y,  test_size =
0.2,  random_state = 42)              (4) 

2.5 Model Selection 

ML models were chosen for this study due to their 

effectiveness in medical classification tasks, 

particularly in liver disease diagnosis. Gradient 

boosting algorithms like XGBoost, LGBM, and 

CatBoost are state-of-the-art techniques for handling 

tabular medical data, optimizing performance with 

limited data, and providing feature-importance insights. 

Previous studies, such as those by Ghazal et al. [14] and 

Afreen et al. [16], have shown that these models 

outperform traditional classifiers like Logistic 

Regression and SVM, making them suitable choices for 

this research. 

The subsequent phase involves selecting a suitable ML 

model through cross-validation. This technique 

partitions the training dataset into k distinct subsets, 

wherein the model is trained on k-1 subsets and 

examined on the unused subset. This procedure is 

iteratively performed k times, and the resulting 
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performance metrics are averaged for robust estimation. 

The cross-validation accuracy is mathematically 

expressed as Equation 5. 

CV accuracy  =  
1

𝑘
  ∑ accuracy

𝑖
𝑘
𝑖=1             (5) 

where k is the number of folds (in this case, 5), and  

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖 represents the accuracy of the 𝑖 − 𝑡ℎ fold. 

2.6 Hyperparameter Tuning 

Hyperparameter tuning is conducted through 

RandomizedsearchCV. The goal is to identify the 

optimal hyperparameters θ that maximize model 

performance. Formally, the objective of 

hyperparameter tuning can be expressed as Equation 6. 

θ̂  =   arg max
𝜃 ∈ Θ

 
1

𝑘
∑ accuracy

𝑖
 (𝜃)𝑘

𝑖=1              (6) 

where 𝜃 is the hyperparameter space, and 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖(𝜃)  is the accuracy of the i-th fold using 

hyperparameter configuration 𝜃. For the CatBoost 

model, the hyperparameters tuned include dept as the 

depth of the trees, iterations as the quantity of boosting 

iterations, and learning rate as the step size in gradient 

descent.  

This research employed CatBoost because this model 

appropriate for medical classification problems due to 

its automated dealing with missing values as well as 

handling of categorical data. Moreover, with CatBoost, 

users are guaranteed high accuracy as well as 

prevention of overfitting. 

To achieve improvements in the model's performance, 

hyperparameter optimization was performed using 

RandomizedSearchCV. This technique of optimization 

is better for finding the optimal solution because it 

randomly searches through a specified set of options. 

Due to having many parameters to test, it’s faster and 

more efficient than GridSearchCV. 

2.7 Model Training 

After selecting the best hyperparameters, the model is 

trained on the full training set 𝑋train, 𝑌𝑡𝑟𝑎𝑖𝑛. The 

training process seeks to minimize a loss function 

𝐿(𝑦,  𝑦̂)where 𝑦̂ is the predicted value. The log-loss 

function is widely utilized for binary classification tasks 

shown in Equation 7. 

L(𝑦,  𝑦̂)  =   −  
1

𝑛
  ∑ [ 𝑦𝑖   𝑙𝑜𝑔(𝑦𝑖̂)   +  (1  −𝑛

𝑖=1

 𝑦𝑖)  𝑙𝑜𝑔(1  −  𝑦𝑖̂)  ]              (7) 

2.8 Model Evaluation 

The efficacy of the trained model is rigorously 

evaluated on the test dataset through the application of 

multiple performance metrics to facilitate a 

comprehensive assessment. The primary assessment 

metrics include accuracy, precision, recall, and the F1-

score. The F1-score, which measures the balance 

between precision and recall using their harmonic 

mean, is particularly useful in addressing class 

imbalances, as it effectively accounts for disparities in 

the significance of false positive and false negative 

errors [24]. 

3. Results and Discussions 

The efficacy of the trained model is rigorously 

evaluated on the test dataset through the application of 

multiple performance metrics to facilitate a 

comprehensive assessment. The primary assessment 

metrics include accuracy, precision, recall, and the F1-

score. The F1-score, which measures the balance 

between precision and recall using their harmonic 

mean, is particularly useful in addressing class 

imbalances, as it effectively accounts for disparities in 

the significance of false positive and false negative 

errors [24] 

3.1 Dataset and Preprocessing Results 

The dataset, Liver_disease_data.csv, contains 11 

columns with 1700 complete entries featuring 

demographic and health-related attributes such as Age, 

Gender, SegmentBMI, AlcoholConsumption, 

Smoking, GeneticRisk, PhysicalActivity, Diabetes, 

Hypertension, Diagnosis, and LiverFunctionTest. The 

analysis begins with exploratory data analysis (EDA), 

which includes calculating descriptive statistics, 

checking for duplicates, and creating visualizations to 

understand feature relationships. Data preprocessing 

encompasses transforming categorical features through 

LabelEncoder, normalizing numerical features using 

MinMaxScaler, and examining feature relationships via 

a heatmap analysis. The dataset is subsequently divided 

into training and testing subsets following an 80:20 

proportion. with stratification for target variable 

proportions. Fig. 2 displays the histogram of liver 

disease patient distributions. 

This research uses correlation heatmaps shown in Fig. 

3 to visualize the relationships between different 

features in the dataset. In addition, it also provides Fig. 

4 for outliers for numeric columns of some categories. 

Fig. 3 and 4 provide insights into liver disease risk 

factors and numerical data distributions. The correlation 

heatmap shows weak correlations among most 

variables, with moderate correlations for smoking, 

genetic risk, and liver function tests. Boxplots indicate 

that alcohol consumption has many outliers, while 

physical activity has fewer, concentrated around the 

median. Conversely, liver function tests and age display 

symmetrical distributions with minimal extremes, 

highlighting the dataset's overall consistency. 

3.2 Model Selection and Cross-Validation Result 

The process of model selection and cross-validation 

follows several steps. First, a set of machine learning 

models is defined for evaluation, including 

RandomForest [25], XGBoost [26], LGBM [27], 

CatBoost [28], GradientBoosting [28], AdaBoost [28], 

ExtraTrees [29], MLP [29], Support Vector Classifier 

(SVC) [30], LogisticRegression [31], DecisionTree 
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[32], and Kneighbors [33]. Each model undergoes 

training and evaluation using 5-fold cross-validation, in 

which the dataset is divided into five subsets, with four 

used for training and one for validation in rotation. 

Performance is measured by accuracy, and the mean 

accuracy over all folds is computed for each model. The 

model achieving the highest mean accuracy, as 

presented in Table 1, is selected as the best performer. 

  

        (a)                (b)  

   

        (c)                     (d)  

       

       (e)           (f)  

  

         (g)         (h)  

  

    (i)            (j)  

Figure 2. Histogram for 10 distributions of liver disease patients : (a) 

Age, (b) Gender, (c) LiverFuntionTest, (d) Smoking, (e) GeneticRisk, 

(f) PhysicalActivity, (g) AlcoholConsumption, (h) Diabetes, (i) 

Hypertension, and (j) SegmentBMI  

 

Figure 3. Correlation heatmap 

 

Figure 4. Outliers for numerical columns 

Table 1. Comparison of cross-validation results 

Model Mean Accuracy 

RandomForest 0.8662 

XGBoost 0.8838 

LGBM 0.8890 

CatBoost 0.9125 

GradientBoosting 0.8941 

AdaBoost 0.8816 

ExtraTrees 0.8588 

MLP 0.8176 

SVC 0.8162 

LogisticRegression 0.8081 

DecisionTree 0.7926 

KNeighbors 0.7765 

Table 1 indicates that ensemble methods like CatBoost 

(91.25%), GradientBoosting (89.41%), and LGBM 

(88.90%) outperformed other models due to their ability 

to combine multiple weak learners, improving 

accuracy. In contrast, simpler models like KNeighbors 

and LogisticRegression showed lower performance, 

likely attributed to their restricted proficiency in 

modeling complex data patterns. 

3.3 Hyperparameter Tuning 

To optimize the hyperparameters of various machine 

learning models, RandomizedSearchCV defines 

parameter grids for each model, outlining potential 

hyperparameter ranges. This approach conducts a 
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randomized search to identify the best hyperparameters 

that maximize model accuracy through cross-

validation. The CatBoost model emerged as the best 

performer, with optimal hyperparameters of a learning 

rate of 0.05, l2_leaf_reg of 3, 200 iterations, 

early_stopping_rounds of 10, a depth of 4, and a 

border_count of 128. This process enhances the model's 

predictive performance for classification tasks. Table 2 

presents a comparison of results before and after tuning. 

Table 2 showcases how hyperparameter tuning affects 

the accuracy of the classification model. XGBoost saw 

the most significant improvement, increasing from 

88.38% to 91.03%. MLP's accuracy rose slightly from 

81.76% to 82.72%, while CatBoost improved 

marginally from 91.25% to 91.47%. Conversely, 

ExtraTrees decreased from 85.88% to 85.81%, and 

KNeighbors improved slightly from 77.65% to 80.59%. 

These results indicate that hyperparameter tuning 

enhances model performance, but the degree of 

improvement varies by model, highlighting the need for 

tailored optimization strategies. Fig. 5 presents a 

comparison based on Table 2. 

Table 2. Comparison of before and after tuning 

Model 
Score before 

tuning 

Score after 

tuning 

RandomForest 0.8662 0.8735 

XGBoost 0.8838 0.9103 

LGBM 0.8890 0.8978 

CatBoost 0.9125 0.9147 

GradientBoosting 0.8941 0.8868 

AdaBoost 0.8816 0.8860 

ExtraTrees 0.8588 0.8581 

MLP 0.8176 0.8272 

SVC 0.8162 0.8265 

LogisticRegression 0.8081 0.8103 

DecisionTree 0.7926 0.8140 

KNeighbors 0.7765 0.8059 

 

Figure 5. Comparison Bar 

3.4 Model Evaluation on Test Set 

This research uses a confusion matrix and classification 

report to provide a detailed breakdown of the model's 

performance on the test set. Fig. 6 shows the confusion 

matrix for model evaluation.  

 

Figure 6. Confusion matrix 

The classification report of Fig. 6 is shown in Table 3. 

Table 3. Classification report 

Values Precision Recall 
F1-

Score 
Support 

Negative 0.92 0.92 0.92 153 

Positive 0.94 0.93 0.93 187 

Accuracy   0.93 340 

Macro avg 0.93 0.93 0.93 340 

Weigth Avg 0.93 0.93 0.93 340 

Table 3 shows the demonstrates high effectiveness, 

attaining a training accuracy of 95% with precision and 

recall at 95% and 96%, respectively. On the test set, the 

accuracy slightly decreases to 93%, with precision, 

recall, and F1-score also showing slight reductions at 

94%, 93%, and 93%, respectively. The classification 

report confirms these results, indicating consistent and 

effective performance with an overall accuracy of 93%, 

demonstrating the model’s robustness and 

generalizability. 
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3.5 Comparative Analysis 

Numerous ML algorithms have been applied to liver 

disease prediction, each with varying degrees of 

success. Models such as RandomForest, XGBoost, 

LGBM, and CatBoost have shown promise in 

accurately predicting liver disease. However, there is a 

need for a detailed comparative analysis to identify 

which models perform best and under what conditions. 

This analysis aims to evaluate the effectiveness of 

various ML models in terms of accuracy using the Liver 

Patient Dataset as a case study. Table 4 provides a 

comparative analysis of several supervised ML models 

for liver disease detection.  

Table 4. Comparative analysis 

Author Model Accuracy 

Minnor and Baths [13] Extra Trees 88.94% 

Ghazal et al. [14] Artificial Neural 

Networks (ANN) 

88.4% 

Geetha and 

Arunachalam [15] 

Support Vector 

Machine (SVM) 

75.04% 

Afreen et al. [16] CatBoost 86.8% 

Nigatu et al. [17] ANN 87% 

Ghosh et al. [18] Random Forest 83.76% 

Hartatik et al. [19] Naïve Bayes 72.5% 

Sadhasivam et al. [20] Support Vector 

Machine (SVM)  

87.09% 

Proposed Method CatBoost with 

RandomizedsearchCV 

93.00% 

Table 4 provides the performance of different models 

used in various studies for classification tasks alongside 

the proposed method employing CatBoost with 

RandomizedSearchCV. Each study's model is listed 

with its respective accuracy, providing insight into how 

different approaches fare in predictive performance. 

The Extra Trees model by Minnor and Baths [13] 

achieved an accuracy of 88.94%, while Ghazal et al. 

[14] reported an accuracy of 88.4% using Artificial 

Neural Networks (ANN). Support Vector Machine 

(SVM) models showed varying results, with Geetha and 

Arunachalam [15] obtaining 75.04% accuracy and 

Sadhasivam et al. [20] reaching 87.09%. Afreen et al. 

[16] and Nigatu et al. [17] also applied ANN and 

CatBoost models, resulting in 86.8% and 87% 

accuracy, respectively. Ghosh et al. [18] achieved 

83.76% using Random Forest, while Hartatik et al. [19] 

obtained the lowest performance with Naïve Bayes at 

72.5%. In contrast, compared to the earlier techniques, 

this study using CatBoost with RandomizedSearchCV 

outperformed all other models with an accuracy of 93%, 

illustrating the effectiveness of hyperparameter tuning 

in enhancing model performance. This highlights the 

importance of using optimization techniques like 

RandomizedSearchCV to achieve higher accuracy and 

better results than existing approaches.  

4. Conclusions 

This study demonstrates the usefulness of machine 

learning in classifying liver diseases according to 

several clinical and biochemical attributes of the Indian 

Liver Patient Dataset (ILPD). Based on an accuracy of 

93%, the CatBoost model shows excellent results for 

non-invasive and efficient diagnosis. Nevertheless, 

challenges such as data privacy, clinical interpretation, 

and regulatory compliance exist during the adoption 

process. The other barriers are the geographical and 

demographic biases inherent in the dataset, which limit 

the generalization capability of the model. Thus, more 

extensive validation is required. Future studies should 

emphasize methodologies that would enhance 

validation, such as cross-institutional testing and 

longitudinal studies, to ensure the reliability of the 

model. Employing explainable AI methods, such as 

SHAP and hybrid modeling, will provide clinicians 

with extra insight into the application of such tools. 
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