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The liver is one of the important organs in the human body that functions to
detoxify or neutralize toxins from everything that enters our body, making the body

Available online 28 February 2026 healthier. The liver can be affected by diseases that can disrupt its function; when
Keywords: liver disease attacks, toxins will spread throughout the body, making it unhealthy.
Zlgt"“tthm Liver disease is a condition caused by viruses, alcohol, lifestyle factors, and others.
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discases According to WHO (World Health Organization) data, nearly 1.2 million people
liver die each year, particularly in Southeast Asia and Africa, due to liver disease.
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whether the patient has liver disease or not. This study uses five data mining
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Forest, and Deep Learning.
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1. Introduction

Liver disease is an inflammation of the liver organ. In general, the causes of liver disease can be attributed to an
unhealthy lifestyle. However, other contributing factors include congenital liver abnormalities present from birth,
metabolic disorders, viral or bacterial infections, malnutrition, alcohol dependency, and addiction to other harmful
substances such as drugs and smoking. Maintaining liver health is essential for the human body. The liver's main
function is to neutralize toxins, allowing it to detoxify harmful substances that enter the body through food or the
environment. When the liver is damaged, it can disrupt the body’s ability to break down red blood cells and eliminate
toxins. If liver disease develops, the liver’s detoxification function is compromised, and toxins may spread throughout
the body, resulting in a decline in overall health. Liver disease may arise due to various factors including viruses, alcohol
consumption, and poor lifestyle habits. According to the World Health Organization (WHO), nearly 1.2 million people
die each year due to liver disease, particularly in Southeast Asia and Africa.

Many individuals are unaware of their liver condition until it reaches a severe stage. Early diagnosis based on
identifiable symptoms would allow for better treatment and improved outcomes. Data mining offers significant potential
in facilitating the diagnosis of liver disease, particularly in supporting medical professionals to determine whether a

patient is likely to suffer from liver disease based on symptoms that closely resemble liver conditions. The diagnostic
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process uses classification techniques to determine whether a patient has liver disease or not.

This study employs five data mining algorithms: Naive Bayes, K-Nearest Neighbor (KNN), Decision Tree, Random
Forest, and Deep Learning. The dataset used is the Indian Liver Patient Dataset (ILPD) from the UCI Machine Learning
Repository. The four algorithms are compared to determine which has better accuracy for diagnosing liver disease cases.
The results show that the Naive Bayes algorithm has an accuracy of 55.44%, K-Nearest Neighbor has 65.97%, Decision
Tree has 72.88%, Random Forest has 72.54%, and Deep Learning has 61.66%. These accuracies are relatively low
because the class labels between patients with and without liver disease are imbalanced; there are more patients with
liver disease than those without it, leading to many data points being classified as having liver disease.

The purpose of using the Decision Tree algorithm is to identify the main risk factors contributing to liver disease
based on patient data such as age, gender, and alcohol consumption patterns. This can enhance early diagnosis accuracy
so that at-risk patients can receive timely medical intervention. It also provides a prediction model that is easy for
medical personnel to understand and aids in clinical decision-making processes. The benefits of using the Decision Tree
algorithm include rapid and efficient predictions: it can deliver results with low computation time. Scalability: this
algorithm can be adapted for large datasets, making it useful in healthcare systems dealing with many patients. With a
systematic approach and clear benefits, Decision Trees become an effective algorithm for supporting predictions and

managing liver diseases.

2. Reearch Methodology
In this study, the data science process (Figure 1) is used as the structural framework
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Figure 2. The Indian Liver Patient Dataset (ILPD)
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In the first step, we search for the data needed for the research. The data can be in the form of numbers, text,
or images. We used the Indian Liver Patient Dataset (ILPD) (Figure 2) from the UCI Machine Learning Repository
https://archive.ics.uci.edu/ website. The following are the attributes used in the dataset: (1) Age: Patient's age, (2)
Gender: Patient's gender (Female: 0, Male: 1), (3) TB: Total bilirubin level, (4) DB: Direct bilirubin level, (5)
Alkphos: Alkaline phosphatase, (6) Sgpt: Alanine aminotransferase, (7) Sgot: Aspartate aminotransferase, (8) TP:
Total proteins, (9) ALB: Albumin, (10) A/G: Albumin and Globulin ratio, (11) Ratio: Selector/Class/Label, (12)
Dataset: to determine whether the patient has liver disease or not.

2.2 Data Cleaning
Data Cleaning is the step aimed at removing noise from the data. Most of the data we obtain have missing
values, and with data mining techniques, these missing values can be addressed.

2.3 Exploratory Data Analysis
After the cleaning process, we used Tableau to visualize the feature data patterns. This visualization helps
readers understand the data and the relationships between features and target classes more easily. At this stage,
it remains important to conduct further research and not make decisions solely based on these visualizations, as
Tableau only provides visualizations based on the data at that time.

2.4 Model Building
During this process, we used the Decision Tree algorithm for technical evaluation because it yielded the
highest accuracy among the multiple algorithms we employed. We used RapidMiner to obtain the accuracy
value of the Decision Tree algorithm for the liver disease dataset.

2.5 Model Deployment
The successful application model developed will be implemented in a simple system. At this stage, we are
using Google Colab as the foundation for implementation, making it easier to input the necessary feature
numbers. Subsequently, the model trained using Google Colab can determine whether the patient suffers from
liver disease or not based on their characteristic feature data.

3. Results

3.1 Data Collection Results
In this section, we provide a glimpse of the dataset. The Indian Liver Patient Dataset dataset (Figure 3) was
retrieved from the UCI Machine Learning Repository website.

A B C D E F G H | J K

1 Age Gender >tal_Bilirubrect_Bilirutne_Phosph_Aminotraz_Aminotratal_Protiel Albumin and_Globu Dataset
2 65 0 0.7 0.1 187 16 18 6.8 33 0.9 1
3 62 1 10.9 5.5 699 64 100 7.5 3.2 0.74 1
4 62 1 7.3 4.1 490 60 08 7 3.3 0.89 1
5 58 1 1 0.4 182 14 20 6.8 3.4 1 1
6 72 1 39 2 195 27 59 73 24 0.4 1
7 46 1 1.8 0.7 208 19 14 7.6 4.4 1.3 1
8 26 0 0.9 0.2 154 16 12 7 3.5 1 1
9 29 0 0.9 0.3 202 14 11 6.7 3.6 1.1 1
10 17 1 0.9 0.3 202 22 19 7.4 4.1 1.2 2
11 55 1 0.7 0.2 290 53 58 6.8 34 1 1
12 57 1 0.6 0.1 210 51 59 5.9 2.7 0.8 1
13 72 1 2.7 1.3 260 31 56 7.4 3 0.6 1
14 64 1 0.8 0.3 310 61 58 7 3.4 0.9 2
15 74 0 1.1 0.4 214 22 30 8.1 4.1 1 1
16 61 1 0.7 0.2 145 53 41 5.8 2.7 0.87 1
17 25 1 0.6 0.1 183 91 53 5.5 23 0.7 2
18 38 1 1.8 0.8 342 168 441 7.6 4.4 1.3 1
19 33 1 1.6 0.5 165 15 23 73 3.5 0.92 2
20 40 0 0.9 0.3 293 232 245 6.8 3.1 0.8 1
21 40 0 0.9 0.3 293 232 245 6.8 3.1 0.8 1
22 51 1 22 1 610 17 28 73 2.6 0.55 1
23 51 1 2.9 1.3 482 22 34 7 2.4 0.5 1
24 62 1 6.8 3 542 116 06 6.4 3.1 0.9 1
25 40 1 1.9 1 231 16 55 4.3 1.6 0.6 1
26 63 1 0.9 0.2 194 52 45 6 3.9 1.85 2
564 50 o} 1 0.3 191 22 31 7.8 4 1 2
565 52 1 2.7 14 251 20 40 6 17 0.39 1
566 20 o] 16.7 8.4 200 91 101 6.9 3.5 1.02 1
567 16 1 7.7 4.1 268 213 168 7.1 4 1.2 1
568 16 1 2.6 12 236 131 0 5.4 2.6 0.9 1
569 90 1 1.1 0.3 215 46 134 6.9 3 0.7 1
570 32 1 15.6 9.5 134 54 125 5.6 4 2.5 1
571 32 1 3.7 1.6 612 50 88 6.2 1.9 0.4 1
572 32 1 121 6 515 48 92 6.6 2.4 05 1
573 32 1 25 13.7 560 41 88 7.9 2.5 2.5 1
574 32 1 15 8.2 289 58 80 5.3 2.2 0.7 1
575 32 1 12.7 8.4 190 28 a7 5.4 2.6 0.9 1
576 60 1 0.5 0.1 500 20 34 5.9 1.6 0.37 2
577 40 1 0.6 0.1 98 35 31 6 3.2 1.1 1
578 52 1 0.8 0.2 245 48 49 6.4 3.2 1 1
579 31 1 1.3 0.5 184 29 32 6.8 3.4 1 1
580 38 1 1 0.3 216 21 24 7.3 4.4 1.5 2

Figure 3. Indian Liver Patient Dataset
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3.2. Data Cleaning Results
In the data cleaning process, we will first upload the dataset "indian_liver patient.csv" into
Google Colab, then import the necessary libraries and run this code (Figure 4) to display the top four
rows of the dataset.

Figure 4. Read Dataset on Google Colab
Then, insert the function df.info() into the code to determine the data type for each variable and df.shape to find
out the number of rows and columns in the dataset. Next, input the function df.describe() into the code to obtain
the average values and other statistics. The results are shown in Figure 5 and Figure 6

Figure 5. Describe Dataset on Google Colab

Age  Gender Total Bilirubin Direct Bilirubin Alkaline | Alanine_aminotr Aspartate ase Total Protiens  Albumin Albunin_and_Globulin_Rstio
count 5 579.000000 576.000000 579.000000 5§79.000000 579.000000 §79.000000 §
mean 44702383  0.758204 3316371 1494128 291366148 81126079 110,414508 6481683 3138515 0947064
st 16221785 0428542 6227716 2816498 243561863 183182845 289,850034 1084641 0784435 0318592
min 4000000  0.000000 0400000 0.100000 63.000000 10.000000 10.000000 2700000 0.900000 0.300000
25% 33000000  1.000000 0800000 0.200000 175.500000 23.000000 26,000000 5800000 2600000 0700000
50% 45000000  1.000000 1.000000 0.300000 208000000 35000000 42.000000 6600000 3.100000 0.930000
75% 58000000  1.000000 2600000 1.300000 288,000000 61.000000 87,000000 7200000 3800000 1.100000
max  90.000000 1.000000 75.000000 16.700000 2110.000000 2000.000000 4929.000000 9.600000 5.500000 2.800000

Figure 6. Describe Dataset on Google Colab
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From the results shown in Figure 7, the Decision Tree algorithm has a relatively higher accuracy
compared to the other algorithms. The Hold Out accuracy values are as follows: KNN 65.52%, Random
Forest 70.69%, Naive Bayes 55.17%, Decision Tree 70.69%, and Deep Learning 62.93%. Meanwhile,
the Cross Validation accuracy results are: KNN 65.97%, Random Forest 72.54%, Naive Bayes 55.44%,
Decision Tree 72.88%, and Deep Learning 61.66%. It can be seen that the Decision Tree algorithm
achieved the highest accuracy in Cross Validation.

3.4. Model Building Results

In this section, the evaluation results of five algorithms are presented using the hold-out validation method. The
dataset is divided into training and testing subsets to measure the performance of each algorithm. The evaluation
results provide a comparative analysis of the algorithms in terms of their predictive performance (Figure 8 —
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Figure 8. Hold on Design of several algorithm in Rapid Miner
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Figure 9. The Performance of k-NN using hold out
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Figure 10. The Performance of deep learning using hold out
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Figure 11. The Performance of naive bayes using hold out
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Figure 12. The Performance of decision tree using hold out
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In this section, the evaluation results of five algorithms are presented using the cross validation method. The dataset is
divided into training and testing subsets to measure the performance of each algorithm. The evaluation results provide a
comparative analysis of the algorithms in terms of their predictive performance (Figure 14 — Figure 24)
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Figure 14. Cross Validation Design several algorithm in Rapid Miner
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Figure 24 The Performance Vector of Decision Tree

Table 1 presents a summary of the accuracy results for each algorithm.

Table 1. Algorithm Accuracy

65.52% 65.97%
70.69% 72.54%
55.17% 55.44%
70.69% 72.88%
62.93% 61.66%

Among the five evaluated algorithms, the one with the highest accuracy was selected as the main algorithm, namely
the Decision Tree algorithm
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3.5. Model Deployment Results
1. Import Library

mport pandas as

nump

eClassifier
t train test split
from i

In the initial stage, various important libraries were imported for data processing, model training, and user
interface (GUI) development. Pandas and NumPy are used for data manipulation, sklearn for machine learning,
imblearn for the SMOTE technique, and ttkbootstrap is used to build a modern GUI based on Tkinter.

2. Load and Dataset Preparation

The dataset used is the Indian Liver Patient Dataset. The file is read using pandas. If the file is not found,
the program will exit with an error message.

od.read_csv("Indian
ytFound

After the file is successfully loaded, the column named Dataset is renamed to Target. A value of 1
means the patient has liver disease, while 2 means they do not. Empty values are removed to ensure
data quality.

df.rename(columns={"Dataset™: "Te t"}, inplace=Ti
df["Target'] = df[°
df .dropna(inplace=True

3. Data Preprocessing
Categorical data such as gender is converted into numeric form using One-Hot Encoding so it can be used
by the model. The Target column is separated as the label.

features = pd.ge mmies(df.drop(columns=["Ta "1), drop first=True)

labels = df["Tar

4. Data Balancing with SMOTE
Because the data is imbalanced between patients with and without liver disease, the SMOTE technique is
used to create synthetic samples of the minority class to balance the proportions.

smote = SMOTE(random state=42)

X resampled, y resampled = smote.fit resample(features, labels)

5. Data Split for Training and Testing
The data is then divided into training data (80%) and testing data (20%) to evaluate the model's performance.
This process is done in a stratified manner to maintain balanced label distribution.

v X _train, X test, y train, y test = train_test_split(
X_resampled, y resampled, test size=0.2, random_state=42, stratify=y resampled

)

6. Model Training Using Decision Tree
The DecisionTreeClassifier model is trained using the training data. The maximum depth of the tree is
limited to 5 to avoid overfitting.
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model = DecisionTreeClassifier(max depth=5, random state=42)

model.fit(X train, y_tra

7. GUI Application Development
This section creates an application window with a specific title and size using ttkbootstrap.

app = ttk.l i "Prediksi Penyakit Liver", themename="morph", size=(500, 1000))
app.re51zab1e(

8. Layout Structure and Scrollable Frame
The application has a main frame that can be scrolled using a canvas and scrollbar. This is useful so the
form remains accessible even on small screens.

main_frame = ttk.Fr (app)
main_frame.pack(fil )TH, expand=

canvas =
scrollbar t C bar(main_frame, orient=VERTICAL, command=canvas.yview)
scrollable frame tk.Frame(canvas)

scrollable frame.bind(

: canvas.configure(scrollregion=canvas.bbox("

)

canvas.create window((@, ©), window=scrollable frame, anchor=
canvas.configure(yscrollcommand=scrollbar.set)

canvas.pack(side=LEFT, fill=BO
scrollbar.pack(side=RIGHT,

9. Patient Data Input Form
ttk.Label(scrollable frame, text=" Form Da iver", font=("s i .pack(pady=15)

fields = {

entries =

for label in fields:
ttk scrollable frame, text=label, font e UI", 10)).pack(anch
entry 'y(scrollable_frame, font=( ', 10))
entry. pack(flll X, padx=10, pady=2)
entries[label] = entry

10. Prediction Result Label
This label is used to display the prediction result after the button is pressed.

result_label = ttk.Label(scrollable frame, text="", font=( UEs, 2 "), wraplength=650, justify=LEFT)
result label.pack(pady=15)

11. Prediction Function and Action Buttons
The function predict_liver() performs the prediction based on the user input and returns the corresponding

message.
v prediksi liver(data_input):
input_array = np.array(data_input).reshape(1, -1)

hasil = model predict(input_array)
turn "@@ Pasien kemung an MENGIDAP per it " if hasil[e]

The functlon on_predict() reads data from the input form, validates the numbers, calls the prediction
model, and displays the result.
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f on_predict():
try:
data_input = [float(entries[field].get()) for field in fields]
hasil = prediksi liver(data input)
result label.config(text=hasil, foreground="red" if "MENGIDAP" in hasil else
except ValueError:
result label.config(text="A Isi semua kolom dengan angka } valid.", foreground="orar

on_reset():
entry entries.values():
entry.delete(o, )
result_ label.config(text=""

12. Buttons for Prediction and Reset
Two buttons are added at the bottom of the form. The first button is to perform prediction, and the
second button is to reset the form fields.

ttk.Button(scrollable frame, text="® Prediksi Sekarang", bootstyle=SUCCESS, command=on predict).pack(pady=(5, 3))

ttk.Button(scrollable frame, text="0 bootstyle=SECONDARY, command=on_reset).pack(pady=(0, 20))
13. Running the Application
The final section runs the mainloop() so that the GUI can be displayed and operated by the user.
app.-mainloop()

Figure 25 presents the interface of the successfully

"%, Prediksi Penyakit Liver - o X % Prediksi Penyakit Liver = o X

& Form Data Pasien Liver + Form Data Pasien Liver

3

[ Pasien kemungkinan MENGIDAP penyakit liver. | @ Pasien k Kinan TIDAK idap

Y

CHiat Sexaréng |

=

Figure 25 deployed application

4. Conclusion and Suggestions

Based on the testing results of the k-Nearest Neighbor, Random Forest, Naive Bayes, Decision Tree, and
Deep Learning algorithms to solve the classification problem of whether patients suffer from liver disease or not
using the RapidMiner application, with data taken from the UCI Machine Learning Repository, namely the Indian
Liver Patient Dataset (ILPD), the results show that among the five algorithms, the best and most suitable algorithm
for classifying liver patients is the Decision Tree, with an accuracy of 72.88%. Besides having the highest accuracy,
the Decision Tree is also able to classify a larger number of patients suffering from liver disease, making it considered
accurate. Many algorithms may have high accuracy values but fail to classify correctly, often detecting patients as
not having liver disease when in fact they do. Based on these results, the Decision Tree algorithm demonstrates the
best performance.
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