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Abstract - In this study, a new framework is used in
classification of the liver diseases into five Category.
healthy liver, fatty liver disease (NAFLD), alcoholic liver
disease, hepatitis, and cirrhosis. In terms of dataset
characteristics, it comprises demographic factors, clinical
aspects, lifestyle, and biochemical parameters. Class
disparity is overcome through the application of SMOTE
(Synthetic Minority Over-sampling Technique). It
involves the use of random forest classifier because of its
Capability and Impact in handling high dimensional
datasets. GridSearchCV has been used to optimize
hyperparameters, hence improving accuracy. The
proposed model gives an accuracy of 95.14% which
proves its impact in multiple class classification. Besides,
precision and F1 scores have been computed, hence
further justifying model performance. The use of SMOTE
in mixture with ensemble learning techniques makes the
model very effective and capable, hence capable of
serving as an early diagnosis tool and for development of
clinical decision support systems.

Key Words: Random Forest and SMOTE, Liver Disease,
Decision Tree, GridSearchCV, Ensemble Learning

1.INTRODUCTION

The liver disease is one of the health conditions that have
become a significant health issue in the world leading to
high morbidity and mortality. Fatty Liver Disease
(NAFLD), Alcoholic Liver Disease, Hepatitis and
Cirrhosis are some of the conditions that normally develop
without any symptoms, and thus early treatment and
[1].
diagnostic methods are based on clinical experience,
imaging, and laboratory testing, but may be time-

prevention are very important Conventional

consuming, costly and inadequate to accurately classify in
multi-class categories [2]. As a result, the application of
machine learning methods in healthcare has become a
promising answer towards better diagnostic accuracy and
efficiency [3].

Current advancements in the data-driven approach reveal
that the use of supervised learning techniques is quite
successful in solving the problem of medical diagnoses.
Supervised learning approaches involve the use of
ensemble learning techniques such as the Random Forest
algorithm, which has attracted a lot of attention due to its
robustness, tolerance to high dimensional data sets, and
resistance to overfitting [4]. The Random Forest technique
employs the different decision trees to increase the
prediction accuracy, making it ideal for complex
classification issues such as liver disease diagnosis [5].
However, one of the significant challenges faced by
supervised learning is the presence of class imbalance,
where certain classes have fewer examples than others [6].
SMOTE creates artificial instances of minor classes,
therefore enhancing the generalization of the classifier to
all categories [7]. Also, the hyperparameter optimization
is a significant task to optimize the model performance.
One of the most popular techniques to identify the best
parameter combinations in a systematic way and improve
the accuracy of classification is the gridSearchCV [8].

This research provides a complete machine learning
pipeline to classify liver disease into multiple classes with
the use of Random Forest, class balancing by SMOTE,
and hyperparameter optimization by GridSearchCV. The
model employs a wide range of demographic, clinical, and
biochemical characteristics in order to determine the
categories of liver disease prediction. The classification
accuracy of the proposed method is 95.14 percent, which
shows the efficiency and the reliability of the methodology
[9]. The study can be added to the ever-expanding research
on the topic of healthcare analytics and the potential of
intelligent systems to assist in early diagnosis and clinical
decision-making [10].

2. Literature Survey

The developments in machine learning in recent years
have gone a long way in helping to identify and classify
liver diseases at an early stage. Other researchers have
investigated supervised learning methods with data
balancing methods to enhance performance of prediction.
One of the most notable issues that have been found in
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these works is that there is imbalance in the class, which
adversely affects the model generalization and evaluation
measures like F1-score [11].

More recent studies have seen the use of hybrid balancing
methods like SMOTE-ENN to liver disease data with
classification accuracies of about 91.89% and F1-scores
0f' 89-93% [12]. These findings indicate how important an
oversampling-noise reduction approach is in improving
minority class detection. Likewise, research on the use of
Random Forest with SMOTE has shown a medium
increase in predictive power, with Fl-scores ranging
between 78 per cent and 85 per cent, showing improved
accuracy and recall accuracy [13]. Another study
performed recently between the Random Forest and
XGBoost with SMOTE revealed high efficiency of the
algorithms but it is important to note that it is often
dependent on the size of the dataset and the way it was
preprocessed [14]. According to experiments conducted
in realistic conditions, it turned out that Random Forest
achieves up to 85-86 percent accuracy with an F1-score
of 0.84-0.86, ensuring high credibility in classification
problems [15]. Moreover, normalization and feature
selection have proven themselves as efficient
preprocessing methods in achieving higher accuracy and
Fl1-scores [16].

Random Forest performs well with the help of specific
diseases such as hepatitis, achieving 92.42 percent
accuracy and a rather high F1-score of 96. Nevertheless,
these findings are frequently restricted to binary
classification cases, and multi-class classification is still
more complicated and demanding. In addition, studies
conducted in the wider healthcare sectors affirm that
ensemble techniques together with SMOTE are always
effective in enhancing the classification performance. As
an example, when predicting the critical care with the
help of the Random Forest, the accuracy of the algorithm
was 90% with the Fl-score of 0.92 when the use of
SMOTE was involved, which confirms its ability to work
in imbalanced datasets [18]. However, some studies also
note that corresponding changes in accuracy do not
necessarily translate into proportional changes in F1-
score, particularly when the distribution of classes is
strongly skewed [19].

Conceptually, Figure 1 shows that the trend can be
observed in various studies with accuracy remaining
relatively high, whereas Fl-score is prone to fluctuate
based on the success of class balancing methods. Here,
one can see that misleadingly high accuracy and low F1-
scores are obtained with models that have not been
balanced, whereas more stable trade-offs between the two
measures are obtained with SMOTE-based methods [20].

In general, the literature points out that, although the
current models can reach an overall accuracy of between
85% and 92 per cent, the consistent improvements in F1-
score is still an issue in the field of multi-class liver
disease classification [21]. The gap presents the necessity
of streamlined frameworks embody robust classifiers,
well order resampling methods, and hyperparameter
optimization to deliver balanced and trustworthy
performance in all disease groups [22].

3. Research Gap and Motivation

Although much has been achieved in machine learning-
based liver disease classification, a number of limitations
in the available literature [11]-[22] still exist. The
majority of methods concentrate on enhancing the overall
precision with little consideration of the problem of class
imbalances that result in low minority class prediction
and fluctuating Fl-scores. Although methods like
SMOTE and hybrid sampling methods have been utilized,
their combination with optimized ensemble models are
not sufficiently studied [12], [13]. Also, most studies are
restricted to binary classification or moderate in multi-
class, which is usually less than 92 percent accuracy,
which is a gap between robust and scalable solutions [15],
[21]. In a number of works, hyperparameter tuning is not
applied systematically to limit the potential of model
optimization [18].It is based on these loopholes that this
research will create a multi-class framework that
integrates SMOTE, random forest and grid search CV in
order to create balanced and high-performance multi-
class classification. The aim is to maximize both the
accuracy and Fl-score and at the same time provide
reliable prediction in all the categories of liver diseases.

4. Methodology

A. Data Description and Feature Encoding: The
dataset is comprised of demographic, medical, lifestyle,
and biochemical variables to define the liver disease type
in one of the five possible classes [51]. The dataset can be
defined as:

D={(x

x. 0 V.
where i€ feature vectors and ! €

{1.2.3,4,5} indicates the class labels for liver diseases[23]-
[32].

respresents
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a) Input Features:

Age, Gender, Occupation, Body Mass Index (BMI),
Obesity Class, Waist Circumference, Quality of Diet,
Physical Activity Level, Hours of Sleep, Smoking Status,
Alcohol  Consumption, = Symptoms, Pre-existing
Conditions, and Biochemical variables like ALT, AST,
Bilirubin, Albumin, Platelets, Alkaline Phosphatase,
GGT, Triglycerides, Prothrom

b) Input Attributes

Age, Gender, Occupation, BMI, Obesity Class, Waist
Circumference, Quality of Diet, Physical Activity,
Number of Hours of Sleep, Smoking Status, Drinking
Habits, Symptoms, Co-morbid Conditions, and
Laboratory Test Results like ALT, AST, Bilirubin,

Albumin, Platelets, Alkaline Phosphatase,
GGT,Triglycerides, INR, Medication History, and
Source.

c) Target Variable:

Liver Disease Class (5 classes)

Table 1: Data Encoding Scheme:

Encoding Method
Binary (0,1)
Label Encoding

Feature Type
Gender
Smoking_Status
Alcohol_Consumption|Ordinal Encoding

Occupation One-Hot Encoding

Symptoms Binary (0/1)

Comorbidities Binary (0/1)

Target Class Label Encoding (0—4)
B. Feature Engineering:

Feature engineering is used for improving the model’s
efficiency. The continuous features are normalized with
Min-Max normalization formula:

, X~ Xmin

T maxxmin ()
The engineered features like BMI group and symptom
score are also included in the process. Correlation

analysis is done to drop irrelevant features [33]-[40].
C. Methodology for Preventing Data Leakage

Data leakage is prevented by first dividing the data into
training and testing datasets and then performing any data

preparation on the former:

D= Dlrain UDtest Dtrain thest =¢ (3)

s tessessesssnnas

All transformations including scaling and SMOTE are

Dtrain

applied only on
[41]-[46].

, ensuring unbiased evaluation

D. SMOTE Method for Class Balance:
The classes are imbalanced in the dataset. To tackle this,
the Synthetic Minority Over-sampling Technique

(SMOTE) algorithm is wused to create synthetic
observations:
Tnew =N Ty ) 4)

[0.1]

where “ ™ is a nearest neighbor and # €

This improves minority class representation and enhances
Fl1-score [47]-[50].

E. Model Architecture

The model used for classification is a Random Forest
classifier, which comprises several decision trees based
on bootstrapped data:

where T'is the number of trees and hy(x) represents
individual tree predictions. (x) indicates the output from
each decision tree.

F. Hyperparameter Optimization using
GridSearchCV:

GridSearchCV is used to identify optimal parameters:

9* = arg maxCVScore(6)
T0e0 . (6)

Table 2: Model Parameters:

Parameter Values Considered
n_estimators 100, 200, 300
max_depth 10, 20, None

min_samples_split|2, 5, 10

min_samples leaf|1, 2, 4
bootstrap

True, False

G. Flow Chart

The flowchart describes the entire work flow and step by
step procedure of the proposed method. This gives us a
detailed description from gathering and pre-processing of
data to training, testing and predicting process which all
leads to the final prediction. All steps are linked with each
other so that the whole process is able to function in a
proper way.
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nput Data

!

Data Preprocessing (Encoding + Scaling)

!
Train-Test Split

|
SMOTE (Training Data)

Table 3: Performance Comparison of Different

!

Random Forest Classifier
l
GridSearchCV Optimization

l
Final Model Prediction

Figure 1: Flow Chart of the study.

5. Results

As seen from the experiment outcomes, the framework
proposed here has demonstrated its effectiveness in
categorizing liver disease into several groups with good
accuracy. By incorporating SMOTE into the analysis
process, it becomes possible to improve the distribution
of classes, whereas using Random Forest guarantees
robust predictions. Hyperparameter optimization helps to
maximize performance stability.

A) Performance Comparison with Other Existing
Methods:

From the perspective of performance in comparison to
other methods available, it can be seen that the
methodology used in this study has performed much
better due to the successful implementation of techniques
such as SMOTE, Random Forest, and GridSearchCV.
The method adopted in this study is superior to other
machine learning techniques such as Decision Trees,
KNN, and SVM because unlike other methods, the
method used in this study does not suffer from problems
of data imbalance and poor generalization.

Techniques
Accuracy F1-
Method (%) Precision|Recall|Score
Decision Tree 82.45 0.8 0.79 10.79
K-Nearest
Neighbors (KNN) (84.1 0.82 0.81 ]0.81
Support Vector
Machine 86.32 0.85 0.84 10.84
Logistic Regression|83.76 0.82 0.8 ]0.81
Random Forest
(without SMOTE) [89.21 0.88 0.87 10.87
Proposed Method
(RF + SMOTE +
GridSearchCV) 95.14 0.94 0.95 10.94
Comparative Analysis of Machine Learning Models
for Liver Disease Classification
1.00

Metrics
%095 Il F1 Score 1
3 Precision
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Figure 2: Comparison of different studies on this
dataset.
B) Ablation Study

To examine the effect of each component of the proposed
strategy, an ablation study was conducted where crucial
steps such as SMOTE and hyperparameters optimization
were excluded from the process. The base classifier,
namely Random Forest, worked decently without any
pre-processing due to the existence of imbalance between
classes. The implementation of SMOTE made the
classifier perform better in terms of the recall metric and
Fl-score since the minority class was adequately
represented. GridSearchCV contributed to the fine-tuning
of the classifier's parameters. Therefore, the combination
of feature extraction, SMOTE, and GridSearchCV
yielded the best results.
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Table 4: Ablation Study Results Table 5: Performance Metrics of Proposed Model
Accurac|Precisio F1- Metric Value
Configuration y(©) |n Recall |Score Accuracy (%) 95.14
Random Forest Training Error 0.04
(Baseline) 88.12 ]0.86 0.85 ]0.85 Validation Error 0.06
Random Forest + Precision 0.94
Feature Engineering |89.47 0.88 0.87 10.87 Recall 0.95
Random Forest + F1-Score 0.94
SMOTE 9236 091 0.92 091 Log Loss 0.18
Random - Forest  + Performance Metrics for Multi-Class Liver Di Classificati
GridSearchCV 9128 (0.9  [0.89 [0.89 Ji e e S
Proposed S L 0134 odek e Tt + RUOTE + CrareY
(RF+SMOTE+
GridSearchCV) 95.14 1094 0.95 10.94 % -3
> Qb
’ .:}!_vl.mun Study of Random Forest-Based Liver Disease Clnsslilfalkg?m E.; 3
Canfiguration Type ) (-] ”_“
s Proposed Model - 1,87 ;x i
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Figure 3: Ablation Study. ':

0 Results of the Proposed Model: 3
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The proposed model shows excellent performance in
terms of various evaluation measures, thereby validating

o
L AL

its effectiveness for multi-class classification for liver o
diseases. The proposed model has achieved 95.14% 95 ! ;
overall accuracy, which is an excellent measure to show IR SRS ST Y SR S G

the ability to correctly classify liver diseases. Low A | b | S e 05
training error of 0.04 has been obtained, while low
validation error of 0.06 also reflects the absence of
overfitting. The precision and recall values have always

Figure 5: Training and validation loss curve.

been high throughout the evaluation, which proves that Multi-Class Liver Disease Classification
there has been balanced classification for all classes. The Hoalthy Livor geig8 200 41 13 0
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Figure 6: Confusion Matrix.
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ROC Curve for Liver Disease Classification
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Figure 7: Roc Curve.

6. Discussion

This study has proved the efficacy of using ensemble
machine learning models along with techniques of class
balance. The use of Random Forest algorithm makes it
possible to manage large dimensional and multi-
parameter medical datasets effectively, since it is capable
of dealing with non-linear dependencies among the
features. Using SMOTE helps to achieve a better
representation of the minority classes in the predictions
for different categories of the illness. Feature engineering
and encoding play a key role in increasing the
interpretability of the predictive algorithms and making
sure that the results are stable. The absence of data
leakage makes the process of evaluation of the accuracy
of a given model unbiased. GridSearchCV used for the
purpose of model parameter optimization helped to create
the most effective version of the algorithm that did not
suffer from overfitting. In conclusion, the integration of
such techniques as data preprocessing and class
balancing, as well as ensemble methods, is considered to
be one of the reliable ways to deal with medical
classification tasks. The proposed framework is also
scalable and could be applied to a variety of classification
issues related to healthcare.

7. Conclusion and Future Work

The current research work provides a highly efficient
machine learning system for multi-class classification of
liver diseases utilizing random forest, SMOTE technique,
and grid search cross-validation (GridSearchCV). This
combination helps ensure high accuracy and efficiency of
the model, which is very essential in dealing with
different cases in clinical settings. Class balancing and
hyperparameter optimization contribute to addressing
class imbalance and improving prediction efficiency. In
terms of future research, there is an opportunity to
improve the existing model using deep learning

algorithms and ensemble modeling techniques. With the
use of large amounts of data, it is possible to train a model
that will be highly generalized and precise. In addition,
explainable artificial intelligence (XAI) may be used to
improve the interpretability of the model and boost
confidence in the medical decision-making process.
Deployment of the current model on the Internet and
medical websites should also be considered.

Table 6: List of Abbreviations Used in the Study

Abbreviation|Full Form
RF Random Forest
Synthetic Minority Over-
SMOTE sampling Technique
GSCV GridSearch Cross-Validation
ML Machine Learning
DL Deep Learning
Non-Alcoholic ~ Fatty  Liver
NAFLD Disease
ALT Alanine Aminotransferase
AST Aspartate Aminotransferase
INR International Normalized Ratio
GGT Gamma-Glutamyl Transferase
BMI Body Mass Index
TP True Positive
TN True Negative
FP False Positive
FN False Negative
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