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Abstract: The liver which serves as a crucial human organ sustains metabolic operations while preserving health
levels across the body. Successful treatment along with improved patient results require both quick and precise
detection of liver disease through diagnosis. This study uses Machine Learning (ML) algorithms including Random
Forest (RF), Categorical Boosting (CB), Adaptive Boosting (AB), Light Gradient Boosting Machine (LGBM) and
Support Vector Classification (SVC) together with Logistic Regression (LR) to establish a method for Liver Disease
(LD) prediction. Our research investigated numerous methods to assess their successful classification ability for liver
disease with accuracy rate evaluations alongside precision and recall statistics and F1 score calculations. Notably,
to make the reliability and generalizability of each model, the cross-validation was carried out. Our multi-algorithmic
strategy boosts prediction stability by providing both precise analysis of each algorithm's predictive capabilities and
their respective weaknesses in liver disease forecasting. CB due to its high accuracy and robustness, has produced
the best results in comparison with other algorithms, which were analyzed. The ability to effectively deal with
categorical variables and the low level of intensive preprocessing greatly contributed to its better performance in

comparison with conventional models.

Keywords: Liver Disease, Disease Prediction, Machine Learning, Algorithm, Classifying

1. Introduction

Two million individuals throughout the world lose
their lives to liver disease annually with half dying from
circulatory complications associated with cirrhosis and
the other half succumbing to hepatocellular carcinoma
and viral hepatitis [1]. As the human body's essential
organ the liver executes various metabolic functions
while simultaneously protecting overall bodily health.
The liver performs these three functions: waste filtering
alongside both energy conservation and red blood cell
breakdown. The liver removes blood coming from
digestion before performing disinfection functions. The
liver performs dual functions by cleaning drugs along
with dissolving toxic chemicals. Through its internal
processes the liver generates proteins required by the
body to coagulate blood. The liver extracts foreign
substances and infections which enter the bloodstream.
Untreated liver disorders lead to permanent damage
while simultaneously compromising functional liver
health. Due to sympathecious outer presentation liver
disease detection proves challenging during the early
stages of liver health deterioration. The effective
accessing of needed treatments through medication
demands patients to receive both early detection and

accurate diagnoses [2]. Global statistics show liver
diseases stand among the top death causes since their
numbers grew considerably while their severity
increased during recent decades. According to the
World Health Organization (WHO) chronic conditions
result in yearly fatalities of 35 million people and
comprise 46% of known diseases while masking 59% of
total worldwide deaths [3]. The application of ML shows
promises to boost objective decision-making while
diagnosing and forecasting diseases which biomedical
researchers find particularly important [4]. ML
techniques enable quick diagnosis solutions while also
minimizing diagnostic costs. Outcomes of this project
focus on enhancing prognostic predictions while
reducing healthcare diagnostic expenses. The study
team used several categorization methods to identify
whether patients had liver disease. Directional
performance analysis of the RF, CB, XGB, LGBM, SVC
and LR ML techniques checked their accuracy while
measuring precision, recall and f score. In our analysis,
we used the most commonly used evaluation metrics
such as precision, recall, Fl-score, to compare the
performance of multiple categorisation models. To
assess the discrimination capability of each model
further we have computed the Receiver Operating
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Characteristic (ROC) curve and the Area Under the
Curve (AUC) values. These indices provided a complete
understanding of the performance of each model, more
so in relation to class separation of liver disease
prediction. The same kind of methodology was applied
to evaluate the model performance by ROC-based
analysis, which is reported in [5].

Medical diagnostic  modalities  including
magnetic resonance imaging (MRI) and computed
tomography (CT) along with ultrasound (US) serve as
essential tools for detecting liver illness [6, 7]. Global
implementation of ML by researchers continues to grow
as this technology attracts broad attention from
researchers around the world. Computer science
technology called ML proves successful across multiple
crucial medical conditions including cardiovascular
issues and cancer treatments and dengue fever
diagnostics [8]. The problem of excessive dimensions in
ML data surfaces frequently during operations. The large
amounts of required memory while operating from high-
dimensional datasets lead to overfitting risks through
redundant and unnecessary data instances. Feature
selection becomes necessary to handle this situation.
The designronym for selecting useful features while
discarding unneeded ones is called "feature selection”
[9]. Doctors require multiple tests to check liver health
but these diagnostic methods are both lengthy and
complicated. ML solutions enable the assessment of
predictions to bypass delicate and costly examination
procedures. Through early detection of liver diseases
and potential disease progression control the
requirement for invasive examinations and complex
medical treatments might vanish completely [10]. Lots of
research has explored different ML algorithms as
potential methods to predict LD. Additional research
needs to determine different hyper parameter settings of
ML algorithms to boost model accuracy while improving
dependability. To enhance performance of models, this
paper proposes a prediction model of liver diseases (LD)
based on ML. The use of ML refers to a set of
computational techniques that allow systems to learn
patterns in data and predicts outcomes without
additional programming. Utilizing the ML techniques, the
proposed approach will be able to analyses the complex
medical information, identify valuable traits and
accurately predict the progression of hepatic disease
development. This approach is essential to make clinical
decisions, diagnose early, and enhance predictive
accuracy. This system seeks to detect potential health
threats and establish early warning capabilities and
determine ideal hyper-parameter configurations [11].

Most of the publishable studies in machine
learning in the field of liver disease prediction done in
recent years (2020-2025) focused on optimizing the
accuracy of a model by exploring the tuning of the
algorithm, preprocessing technigue. Although such
models are generally effective on a typical dataset, they
do not often account for such clinically relevant factors

as age-specific risk factors, interpretability to practical
application, and demographic fairness. Our method
addresses this topic by ensuring the stability of
performance and the overall applicability to practice by
relying on cross-validation and operating a unity
approach of a variety of classifiers, including CB, RF,
LGBM and AB. Compared with other studies, very few
factors are looked at in a comprehensive manner such
as subgroup assessment, lifestyle features (e.g., alcohol
intake, BMI, smoking, physical exercise), and stratified
age categories that we examine partly due to the
absence of parametric statistical tests, which prohibit
their consideration in the majority of cases. Moreover, to
the best of our knowledge, statistical validation, and
cross-comparison of models along multiple metrics (F1,
AUC, precision, recall) is an objective that has not been
achieved in the literature because our work extends
beyond accuracy maximisation to develop reliable,
explanable, and demographically aware liver disease
prediction models that can be used in clinical settings.

2. Related Works

Machine learning has been employed in various
ways through recent research whereby different
methods of liver disease prediction have been
discussed. Mostafa et al. [12] used RF, Artificial Neural
Network (ANN), and Support Vector Machine (SVM)
classifiers, as well as preceding the principal component
analysis (PCA) that reduced the dimensionality and
multiple imputations through chained equations. Their
preprocessing involved Gini index relevance ranking in
ranking of features and SMOTE to deal with imbalances
in classes. RF was the most successful model post
parameter tuning, which consists of forest size
optimization. The ANN training was performed by 32 and
30 epochs and a range of batch sizes, whereas, SVM
used radial basis function kernel with optimal
parameters of tuning set to 10. In an experiment, a
similar concept was presented by Amin et al. [13], mixing
three feature engineering methods with the feature-
engineering techniques of six classification methods.
Their approach to outliers consisted of their natural
elimination, their modal replacement based on missing
values and their multi-feature fusion. This strategy spent
88.10% of its time on accuracy, 92.30% on recall, 85.33
on precision, F1 score of 88.68, and 88.20 on AUC with
75125 stratified train-test spilt [14].Joloudari et al. [15]
have performed a comparison between five data mining
models as; RF, multilayer perceptron neural networks
(MLP), Bayesian networks, SVM, and a PSO-optimized
SVM (PSO-SVM). The experiment done by them and
supported by the 10-fold cross-validation provided that
best performance was achieved by PSO-SVM on ILPD
dataset. Another extensive contribution was realized by
Ganie and Dutta Pramanik [16], which developed GB
based single or multi-output-based framework for
predicting chronic liver disease (CLD) and compared it
with AdaBoost, LogitBoost, SGBoost, XGBoost, LGBM,
and CB.
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Table 1. Compare Recent Methods

Research Disease Models Used Discussion Year
Wang, Y, etal [17] | NAFLD RF, XGB, SVM Diagnostic prediction model for NAFLD 2025
Saleem, [18] Hepatitis C CNN, SVM, RF Machine Learning Classification Algorithms | 2024
Wang M, et al [19] | HCC Multi-omics + ML | Improved prognosis using omics data 2024
Zhu, H.,et al [20] Liver Metastasis | XGB, SHAP Interpretable liver metastasis risk model 2025
Wang, X et al [21] | NAFLD/CHD XGBoost, LGBM | Immuno-inflammatory index prediction 2025
Sheakh, et al [22] | Hepatitis C RF Improving hepatits C diagnosis 2024
Song, Q et al [23] | Trauma DL Ultrasound Early trauma detection in liver 2025
Wu, Y., et al [24] Liver ADRs RF, SVM, XGB Prediction of adverse drug reactions 2025

Out of all the other models used, Gradient
Boosting offered the best accuracy of 98.80% on the
Liver Disease Patient Dataset (LDPD) and 98.29% on
the Indian Liver Patient Dataset (ILPD). All these results
are an indication of the increasing significance of
ensemble and boosting algorithms like RF, XGBoost and
LightGBM in ML applications in the field of hepatology.

Table 1 compares recent methods based on
machine learning techniques in diagnosing, prognosis,
and classification of liver diseases. The table
enumerates the major contributions, ML models, years
of publication and focus of the disease. XGBoost,
Random Forest, and numerous other algorithms are
presented to prove the increased importance of artificial
intelligence in the research of hepatology, including
other deep learning architectures.

3. Resource and Techniques
3.1 Data Gathering

The data recorded in the current research was
downloaded through one of the Kaggle repositories [25]
called Predict the Liver Disease: 1700 Records Data set
by the author Rabie El Kharoua. It is available to the
general population at:
https://lwww.kaggle.com/datasets/rabieelkharoua/predic
t-liver-disease-1700-records-dataset with the Creative
Commons Attribution 4.0 International License (CC BY
4.0). The data includes 11 attribute datasets that include
demographic attributes (e.g. age, gender) and clinical
attributes (e.g. total bilirubin, ALT, AST, albumin)
concerning 1,700 records of patients. The target Y is
categorical (present or absent livers disease). The
distribution of the classes is slightly unbalanced: 1,046
cases (61.5%) belong to the patients with the liver
disease, and 654 cases (38.5%) are the patients without
the liver disease. This imbalance has been mitigated in
the developing of the models with the correct method of
resampling and validating such as stratified sampling
and SMOTE where such is needed. It was quite even in

regard to gender split (50.4 percent men and 49.6
percent women). This dataset will be the basis of our ML
models training and testing with an adequate sufficient
representation, and mitigated gender bias in prediction.
It is because stratified sampling, as well as cross-
validation methods, were used, in order to examine the
validity of the models, despite the lack of other external
data [26].

Figure 1 show the research identified four
patient age groups which included middle-aged patients
aged 58 on average and senior citizens at 78 while
young adults were 25 years old and adults comprised
35-year-old patients. Unique diagnosis frequencies of
different illnesses were determined for each age
segment to provide disease occurrence details for
specific population groups. This examination helps make
healthcare decisions and resource management more
effective because it considers distinct requirements of
different population age groups.

3.2 Diagnosis with age group

Figure 2 shows the diagnosis rates which
researchers calculated separately for each age group
either with or without liver disease [27]. Statistics
demonstrate the prevalence of liver disease increases
substantially among people in senior and older age
groups. The research data shows Liver Disease exists
in 177 Young Adults and 189 Adult groups and 282
Middle-Aged and 274 Senior groups while those without
Liver Disease have 216 Young Adult cases and 228
Adult cases and 127 Middle-Aged cases and 174
Senior-age patients. A total of 282 cases of liver disease
were detected within the middle-aged group which
exceeded the number of senior group cases at 274. The
study revealed that adult young people had the least
number of liver disease cases at 177. The analysis
requires  further investigation of fundamental
discrepancies between different age groups.
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The medical professional could assess these
factors as well as life choices and genetic factors and
other illnesses to determine the liver disease risk.

3.3 Alcoholic Consumption and Disease Risk

The Figure 3 demonstrates separate
calculations of alcohol units consumed by both liver
disease patients and non-liver disease patients within
each age category [28]. Research outcomes revealed
that patients with liver disease showed an average
consumption of 11.95 units among young adults and
7.89 units among the remaining age groups. The group
of young adults diagnosed with liver disease averaged
11.95 wunits per month which was the highest
consumption figure 3 among all studied liver disease

showed 7.17 to 7.89 units as their average consumption
level and remained steady between all age groups. The
relationship between two variables should not be
mistaken for cause-effect relationships because
correlational data alone fails to prove causality.
Research must undertake more investigations to prove
the direct relationship between alcohol use and liver
pathology. Genetic background and lifestyle habits might
be extra factors which play a role along with alcohol
consumption. The necessary research must involve
long-term monitoring of how alcohol use evolves along
with liver health assessment through time.

3.4 Exercise hours Vs Liver Functional
Freely accessed data demonstrates the
independent analysis of exercise time for people both
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with and without liver disease through Figure. 4 Table
results show the following data: Without liver disease,
Young Adult exercise for 5.49 hours while Adult
exercised 5.30 hours, Middle-Aged exercised 5.40
hours, Senior exercised 5.70 hours. When the same
groups had Liver Disease, Young Adult exercised 4.50
hours for both groups as did Adult, Middle-Aged
exercised 4.89 hours while Senior exercised 4.77 hours.
Research indicates that exercise involvement seems to
decrease as exposure to liver disease increases [29].
Among all subjects irrespective of their age group people
who did not have liver disease commonly exercised
more than those with this condition. The exercise

duration of 5.70 hours among senior people without liver
disease matched the young adult group who exercised
5.49 hours daily. The average exercise hours for people
with liver disease amounted to 4.50 to 4.89 hours per
year without any consistent differences between age
groups.

The reality stands that tight relationships
between factors do not necessarily mean those factors
create causes to each other. Additional research must
be conducted to provide absolute proof that exercise
relates to liver health.
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Diet along with alcohol consumption combined
with genetic factors affect how likely a person becomes
sick with liver disease. Long-term studies must track
both exercise behavior changes and liver health
evolution patterns throughout the investigation period.

3.5 Body mass index and a higher risk of liver
disease

Figure 5 depicts the BMI average calculations
from individual age groups among people who had or did
not suffer from liver disease separately [30]. Research
findings revealed that Liver Disease participants
achieved BMI scores of 27.99 as Young Adults and
28.93 as Adults and 28.75 as Middle-liver disease
showed 7.17 to 7.89 units as their average consumption
level and remained steady between all age groups. The
relationship between two variables should not be
mistaken for cause-effect relationships because
correlational data alone fails to prove causality.
Research must undertake more investigations to prove
the direct relationship between alcohol use and liver
pathology. Genetic background and lifestyle habits might
be extra factors which play a role along with alcohol
consumption. The necessary research must involve
long-term monitoring of how alcohol use evolves along
with liver health assessment through time. Aged
individuals yet 29.27 as Seniors while participants free
of Liver Disease presented scores of 26.68 Young
Adults and 26.57 Adults and 25.30 Middle-Aged along
with 26.40 as Senior participants the collected data
indicates BMI status might influence liver disease risk
rates particularly within the collective age segments of
young adults. Among the population with liver disease

0.42 0.42

04

0.35

0.3

0.25

0.2

Smoking Risk

0.15

0.1

Young Adult Adult

Middle Age

the youngest (27.99) and oldest adults (29.27)
demonstrated the highest average BMlIs. Individuals that
did not have liver disease showed a constant average
BMI reaching between 25 points 30 to 26 points 68 within
all age groups. The existence of an association between
variables does not necessarily prove that one variable
produces effects in the other variables. Additional study
is needed to establish a direct link between body mass
index (BMI) and liver disease manifestations. Liver
disease risk factors include both genetic make-up and
alcohol consumption and lifestyle habits. Time-interval
scientific studies must be conducted to track BMI
fluctuations while monitoring liver health progression.

3.6 Smoking and Disease Risk

Research showed how many people in each
age grouping along with diagnostic category currently
smoked according to Figure.6. These research findings
demonstrate that smoking increases the risk of
developing liver disease across every age group
because the percentages [31]. Show Young Adult:
0.190; Adult: 0.190; Middle-Aged: 0.180; Senior: 0.180;
without liver disease: 0.190; Adult: 0.417; Middle-Aged:
0.366; Senior: 0.306. The proportion of smokers were
consistently greater between liver disease patients than
between individuals who did not have liver disease
throughout all age groups. The young adult group with
liver disease demonstrated the highest proportion of
smokers at 0.423 while the adult population had the
lowest percentage at 0.417. Across all age groups the
percentage of smokers among subjects without liver
disease displayed minimal variation ranging from 0.180
to 0.190.
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Figure 5. BMI Basic Risk Factor
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The relationship between variables does not
necessarily indicate that one thing creates another in
cause-effect relationships. Additional studies must be
conducted to prove definitively that smoking leads to
liver disease development. The risk of developing liver
disease depends on how a person lives their life and
their alcohol drinking habits and their inherited
tendencies in addition to various other factors. Long-
term studies must track the development of smoking
behaviors along with liver health changes throughout
time.

3.7 Diabetes Disease Risk

Researchers  calculated the  respective
percentages of diabetic and non-diabetic individuals in
Figure 7 according to their age ranges and medical
conditions [32]. Research findings show that diabetes
may lead people toward elevated liver disease risk
especially within the younger patient groups. The data
shows Young Adults held a 0.15 percentage while Adults
measured 0.19 and Middle-Aged participants settled at
0.19 and Seniors maintained 0.18 yet Without Liver
Disease revealed 0.12 followed by Adults at 0.10 then
Middle-Aged at 0.05 and Seniors at 0.11. Among all age
groups fewer diabetic persons existed in populations
which lacked liver disease compared to people with liver
disease. Adults among people with liver disease
reported the highest rate of diabetes at 0.18 while those
in middle-aged and senior groups shared the same rate
of 0.18. The proportion of people without liver disease
who maintained diabetes remained steady regardless of
their age group spanning from 0.047 to 0.12. We need
to keep in mind that when two variables correlate but this

does not establish causality. Further investigations
about the connection between diabetes and liver
disease need to be conducted to confirm their mutual
influence. Additional risk factors contributing to liver
disease include life choices and alcohol usage together
with genetic susceptibility. Longitudinal studies must be
used to follow liver health changes as well as diabetes
status transformations across time.

3.8 Hypertension Disease Risk

Researchers calculated the percentages of
hypertensive and normotensive patients in Figure 8
through age-based category analysis [33]. Without Liver
Disease Groups Current Analysis Shows Young Adults
at 0.092 and Adults at 0.087 and Middle-Aged Subjects
at 0.086 and Officers Senior Citizens at 0.074 whereas
Patients with Liver Disease Exhibited 0.250 for Adults
and 0.216 for Middle-Aged Respondents along with
0.220 for Senior Participants. The research data
demonstrates that hypertension creates greater
susceptibility to liver disease particularly among the
younger adult population. A significant percentage
increase of hypertensive patients existed between those
who had and those who did not have liver disease across
all tested age groups. The number of hypertensive
patients dealing with liver disease reached its peak at
0.25 within the young adult population followed by 0.216
in the adult group. People who did not have liver disease
presented a hypertension rate range from 0.074 to 0.092
across age groups which remained relatively stable. The
truth remains that the relationship between two variables
does not automatically mean they have a cause-effect
relationship.
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Figure 8. Hypertension Risk

Further investigation stands necessary for
proving a conclusive link between liver disease and
hypertension. The probability of developing liver disease
depends on various factors which include individual
lifestyle behaviors and alcohol consumption and genetic
background. Further investigations must use longitudinal
methods to track the progress of liver health in addition
to changes in hypertension status throughout time.

4. Methodology

4.1 Random Forest Classifier
Random Forest classifier functions
predominantly for classification together with regression

work as a flexible strong ML method [34]. The method
creates various decision trees during training as it
calculates mean predictions for regression problems or
the mode of classes for classification tasks. Bootstrap
Sampling represents the initial step of Random Forest
as it implements bootstrapping to produce multiple
training datasets through e. sampling with substitution.
Every bootstrapped dataset leads to the construction of
one single decision tree. Decision trees split data points
at each node by selecting random features while using a
specific criterion (for classification problems Gini
Impurity stands as an example). The forest combines its
predictions during the conclusion phase following the
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construction of every tree. The classification results from
random forests select the most prevalent class among
all generated trees. Automatic average computations
from every tree produce the final output for regression
[35].

The Gini impurity criterion determines which
feature should split next in every decision tree split. The
measure of Gini Impurity in node t computes as follows:

The mathematical expression comprises that pi
stands for class i probability at node t and C represents
the total number of groups. After splitting the primary
goal is to reach the minimum level of Gini Impurity.

Random Forests employ entropy as one of its
information gain criteria besides others. The entropy H(t)
is given by:

H(t) = = X, p; log2(p;) 1)

Through the proportion of class i in node t (p;) the
equation calculates the Gini impurity criterion. The
algorithm's objective aims at reducing entropy levels
following every split.

4.2 CatBoostClassifier

The ML algorithm CatBoostClassifier exists
specifically to process categories because they
represent difficult input types for standard gradient
boosting [36]. The gradient-boosting algorithm family
includes CB as its member. This system was developed
by Yandex under the name "Categorical Boosting." The
algorithm delivers exceptional dataset generalization
along with high performance levels and easy application
for both numerical and categorical datasets while
keeping preprocessing requirements to a minimum. The
system completes automatic categorical feature
preprocessing thus users can avoid manual encoding
methods. Measurements called Ordered Target
Statistics along with Mean Target Encoding serve as the
techniques for generating separate codes for multiple
categories. The encoding methodology ensures the
protected confidentiality of categorical features during
tree learning to stop their leak of operand information.
The general gradient boosting technique faces
overfitting issues with each iteration since calculating
residuals introduces target value information into the
model. CB implements ordered boosting to prevent data
leakage during subsequent observations by first
arranging data and restricting the used data to calculate
residuals for each sample. Tree Construction in CB
takes place one step at a time by using precedent
residuals as guidance following standard boosting
principles. Each decision tree operates to reduce the
loss function during creation. The final prediction results
from integrating all created trees. Classification tasks
require ensemble trees to work together for probability
prediction of all available classes. The predicted class

which is likely to reveal the correct information is the last
one [37].

CB builds a model through incremental training
to minimize a loss function although it maintains identical
gradient boosting core principles with other algorithms.
Categorical data processing through systematic
mechanisms and the boosting technique serve as the
core things that divide CatBoost from other models.

Cross-entropy and log loss function types can
be utilized as L during classification tasks.

Ly, ) = - %Z?:l[yi log(® + (1 —y)log(1 =30] (2

True label y; and prediction yi represent the
class probability.

4.3 AdaBoost Classifier

ML features AdaBoostClassifier as its oldest
and renowned boosting technique among all algorithms
[38]. The abbreviation used for adaptive boosting stands
as AdaBoost. The algorithm transforms inadequate
learners into productive learners while improving their
operational capacity. Decision stumps represent the
single-split decision trees which function as weak
learners during AdaBoost procedures. The model
enhances total accuracy by directing its iterative weight
updates toward samples which fall into ambiguous
categories. AdaBoostClassifier utilizes the boosting
technique that merges different weak learners which
better than random guesses to create a consolidated
strong learner. A process of weight adjustment leads the
algorithm to earn its adaptive label. Through its adaptive
process AdaBoost works on difficult classification cases
before slowly adapting to specific features in the dataset.
The weighting process of samples in each iteration
requires that misclassified instances receive increased
weight values and correctly classified instances get
reduced weight values. Through this approach the
algorithm devotes its computational focus to instances
which received wrong classifications. The final output
combines weak learners from a group of understrength
student components known as the ultimate model. The
weighted prediction sum represents all weak learner
output predictions. Every weak learner obtains a
weighting factor based on its accuracy rate. The SAMME
(Stagewise Additive Modeling using a Multiclass
Exponential loss function) handles multiclass
classification but AdaBoostClassifier functions best
when applied to binary classification problems. The
basic decision trees used as weak learners in AdaBoost
require minimal parameter adjustment because they are
simple hence easy to manage. XGBoost and LightGBM
differ from other boosting algorithms because they do
not share this feature.

The weighted combination of weak learners
through majority vote or summation produces the
ultimate model. Binary classification predictions are

Int. Res. ]J. Multidiscip. Technovation, 7(5) (2025) 31-48 | 39



Vol 7 Iss 5 Year 2025

Sumathi Selveraj et.al, /2025

determined through the use of weighted learner
prediction signs as the final prediction indicator [39].

F(x) = sign(Xi=; ap he(x)) ©))

The prediction for the Tt weak learner is h,(x)while a,
represents its corresponding weight.

4.4 LGBM Classifier

The LGBMClassifier stands as one of the
favored ML algorithms under the LightGBM (Light
Gradient Boosting Machine) library which excels on
massive datasets. Microsoft developed LightGBM as an
open-source gradient boosting framework which uses
decision trees to provide outstanding performance
across regression tasks and classification tasks as well
as ranking operations [40]. LGBMClassifier makes use
of leaf-wise tree growth methods while performers
effectively in real applications and Kaggle competitions
because of its speed and memory efficiency and
categorical data skills. LGBMClassifier performs
different from typical tree development because it directs
splitting actions to leaves which provide maximum loss
reduction potential. Without max_depth regularization
parameters the resulting model trees become
excessively deep so overfitting occurs. The split
selection process within LightGBM divides continuous
features into predetermined bins through a histogram-
based approach using 256 default bins for optimization.
The calculation of optimal split becomes faster through
this technique. LightGBM accelerates computation
through its GOSS algorithm by picking random samples
from low-gradient instances keeping samples from high-
gradient instances. The model maintains accuracy
because it directs its focus toward predicting complex
examples. LightGBM merges mutually exclusive
features (which usually occur separately from each
other) into a single bundle known as Exclusive Feature
Bundling (EFB). Diminishing the data dimensions
through this approach produces faster operations
without reducing information content. LGBMClassifier
implements its boosting mechanism through sequential
tree construction like other gradient boosting methods. A
new tree in the sequential model minimizes one loss
function to address errors happening in existing trees.
Log loss serves as an example for classification tasks
[41].

Gradient boosting serves as LGBMClassifier's

foundation because it minimizes loss functions
according to added sequential trees.
Fm(x) = Fm—l(x) +y.hp(x) (4)

Gradient boosting functions according to the
following general algorithm:

The model at iteration m gets represented by
E,, (x)but the learning rate is y and h,,(x) stands for the
tree produced during m that refines the earlier model
predictions.

The classification loss function L(y, ¥) amounts to log
loss as its primary choice.

L, 9) = =T [yilog®) + (1 — y)log(1 - 91)]  (5)

The true class label y; finds its equivalent in yi
as the predicted probability for class 1.

4.5 SVC

The Support Vector Classifier (SVC) serves as
a strong and widely used ML algorithm for classification
operations. Support Vector Machines (SVM) belong to
supervised learning models which use Support Vector
Classifier (SVC) to identify the most effective hyperplane
that separates feature space classes [42].

The SVC algorithm identifies a hyperplane
which separates the classes with the maximum possible
distance during linear separation of data. The
description includes a line in two dimensions, a plane in
three and a hyperplane in higher-dimensional spaces.
Any point specifically located next to the support vector
hyperplane takes the status of support vector. The
position of the hyperplane together with its margin
depend on the support vectors that define them. The
model structure remains unchanged regarding its
relation to its support vectors when new data points are
added. The kernel trick enables SVC to transpose data
into elevated dimensional spaces where linear
segregation becomes possible when the data cannot be
split by lines. The RBF (Gaussian) kernel serves as a
common choice to process non-linear data. Using the
input data points as basis points the kernel function
determines their product values in a higher-dimensional
space without performing explicit coordinate calculation.
The non-linear relationship management capabilities of
SVC are enhanced because of its features. Slack
variables appear in SVC to handle some classification
errors which occur because the data does not divide
perfectly. The misclassification tolerance levels that SVC
accepts stem from the regularization parameter C. The
value of C decides how smooth the decision boundary
becomes because smaller C allows more
misclassification points yet larger C leads to restricted
misclassification tolerance.

4.6 Logistic Regression

Logistic regression functions best as a
supervised learning tool in two-class problems yet allows
extension to multiple classes [43]. Although its name
implies regression modeling the model is in fact a
classification system. It is a classification algorithm. A
logistic  (sigmoid) function implements probability
mapping to forecast which category an observation
belongs to from two available possibilities. Logistic
regression operates in a linear method to resolve
problems. Through suitable weighting of X={x1,x2,...,xn}
features the model calculates a linear combination which
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serves as an output probability prediction. The logistic
regression model transforms predictive linear
combinations of features through a sigmoid function
instead of producing direct output values similar to linear
regression methods. The sigmoid function squashes the
output into a probability value between 0 and 1:

o(z) = (6)

Where zZ = WO + W1x1 + szz + e + ann the
linear combination of the input features.

1
1+e?

The main application of logistic regression
occurs in binary classification scenarios when it
calculates probabilities that lead to class predictions
between 0 and 1. The predicted probability requires a
threshold value of 0.5 to determine final class
assignment. Two methods for extending logistic
regression to multiclass classification include the One-
vs-Rest (OvR) and Softmax (Multinomial Logistic
Regression) approaches. The multiclass implementation
of the algorithm generates class probability values
before selecting the class with the

(bo=b

P(y:O)) =Wy + WiXq + Wy X, + -+ WnpXpn (7)

Highest predicted value. Logistic regression
produces mathematical models that calculate the log-
odds ratio of events with class value set to 1.

A linear boundary divides the features to
separate different classes in the concert space. The
procedure of maximum likelihood estimation is used to
establish the weights in the model. The selection
process of logistic regression finds parameter values
which produce the greatest possibility to observe the
available data.

All machine learning models were created using
Python libraries, such as scikit-learn (v1.3+), CatBoost
(v1.2+), and LightGBM (v4.1+), to guarantee
reproducibility and methodological transparency. To
maintain the class distribution, stratified sampling was
used to divide the dataset into 80% training and 20%
testing sets. All models used a 4-fold stratified cross-
validation approach for a thorough performance
assessment.

As part of the preprocessing, categorical
variables were label encoded MinMaxScaler
normalization for numerical inputs used in SVC and
Logistic Regression To guarantee deterministic results,
arandom seed of 42 was regularly used for data splitting
and model initialization. The  hyperparameter
configurations used during model training were as
follows: Random Forest (RF): n_estimators=100,
max_depth=10, criterion='gini’  CatBoost (CB):
iterations=500, learning_rate=0.05, depth=8 AdaBoost
(AB): n_estimators=50, learning_rate=1.0 LightGBM
(LGBM): num_leaves=31, learning_rate=0.1,
n_estimators=100 Support Vector Classifier (SVC):

kernel="rbf', C=1.0, gamma="'scale' Logistic Regression
(LR): solver="Ibfgs', C=1.0.

4.7 Methodological Flow Diagram

Figure 9 is a systematic flow of the step-by-step
process that was applied here in this work of predicting
liver disease. All the stages, through which raw data are
collected and model is evaluated and the diseases are
classified, are included in this flowchart [44]. During the
Data Collection phase, the characteristics of the clinical
and demographic factors that are related to the liver
health is gathered with the help of a publicly available
Kaggle dataset. Raw data is then followed by data
preprocessing whereby the data is scrubbed, normalized
and transformed to ensure consistency and adaptivity to
be used in the model. Moreover, this step addresses
outliers, missing values, and encoding labels when it is
necessary. To ensure the objective performance
estimate, the dataset is then divided into training and
testing sets with the appropriate split ratios or training on
cross-validation strategy. Some of the machine learning
models using the evaluation & liver disease prediction is
carried out by determining the performance.

[ Liver Disease Dataset ]

[ Data Processing ]
[ 4 Fold Cross-Validation ]
| ! : l l
CatBoost Random AdaBoost Logist’tc
aaaaaaaaaaaaaaa Forest REngSIDﬂ

Super Vector
Classifier

Supervised
Classifiers

Figure 9. Step by Step Process

Even though XGBoost belongs in the number of
popular and fairly effective ensemble learning
algorithms, it was not used in the research due to the
longer time spent in training and the overallcomplexity
during the training process compared to CB and LGBM,
especially with small- to medium-sized data sets. CB and
LGBM were chosen as exemplars of gradient boosting
models because they support faster training, better
native processing of categorical features CB, more
efficient memory consumption (LGBM). These
characteristics made them more comfortable with the
size and structure of our data.
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5. Results and Discussions

This part shows the results of the analysis
performed on using several machine learning models on
the data of liver disease. Evaluation of each classifier is
carried out on the basis of significant indicators such as
ROC-AUC, Fl-score, recall, accuracy, and precision.
The influence and the distribution of clinical and style
factors among different groups of people and the
diagnostic groups are also observed with the help of data
visualizations. RF, CB, ADB, LGBM, SVC and LR are
compared in terms of their behavior to predict liver
disease and see which of them is suitable.

5.1 Validation by Statistics

Table 2 Performance although conventional
measures of performance such as F1-score, accuracy,
precision and recall provide a snapshot of performance,
they fail to explain how variability and uncertainty will
arise when the modification of data split is employed. To
address this, we performed 4- fold cross-validation to
compute 95 percent confidence intervals (Cl) of each
measure across the fold.

The calculation of confidence intervals by
assuming the t-distribution and bootstrapping allowed
making a statistically valid comparison between the
models. Moreover, to determine whether those
differences in performance were statistically significant
we performed a paired t-test on cross-validated F1-
scores. Significance was determined where p-value was
less than 0.05. The findings revealed that CB is much
superior to other models as the difference is statistically
significant (p < 0.01), proving its credibility in predicting
the liver disease outcomes.

5.2 Comparative Evaluation

The image demonstrates how ML classifiers
perform for early detection of liver disease except patient
symptoms. An analysis of SV and RF together with ADB

classifier, CB and LGBM classifier makes up the six
models studied. The metrics used to analyze each
classifier include binary classification support for positive
class numbers 0 and 1 together with recall score and f1-
score and precision measurements. Furthermore,
metrics measure how precision (specificity) and recall
(sensitivity) harmonize and their integration leads to an
fl-score single metric. CB achieves the highest overall
performance showing the best fl-scores as well as
accuracy of 0.91 in both classes according to Table 3.
With an accuracy of 0.90, RF outperforms CB, especially
in class 1 (fl-score of 0.90). ADB and LGBM share
identical performance levels since they achieve 0.88
accuracy with equivalent precision and recall values
across every class. At 0.81 accuracy, LR trails the
boosting algorithms. The lowest fl-score and accuracy
rate (0.77) indicates SVC fails to produce successful
results in this classification task especially when
identifying cases of class 0. The better detection
capabilities of CB and RF models stem from their ability
to analyze intricate patterns within the data thus helping
pre-symptomatic liver disease diagnosis. The medical
diagnosis field benefits from these models when finding
false negatives needs reduction since the models
provide higher recall rates for positive class cases. Each
model exhibits different sensitiveness-to-precision ratios
in its performance.

The boosting techniques CB and AB deliver
superior performance to all other evaluated approaches.
Table 3 Classification Reports The models succeed
because they can properly handle unbalanced datasets
as well as performing iterative learning processes.

The ML classification model Cross Validation
Scores are depicted in Figure. 10 for the investigation of
pre-apparent liver disease signs. The six classification
models which appear on the x-axis use these names
using different machine learning algorithms. The model
performance metric designated as Cross Validation
Score appears on the y-axis for the evaluation. During
cross-validation the average accuracy is typically
displayed in such models.

Table 2. Statistical Assessment of Model

Classifier Accuracy (Mean £ 95% CI) | F1-Score (Mean + 95% CI) | p-value vs. CB
CatBoost 0.91 £ 0.014 0.92 +0.012 —

Random Forest 0.90 £ 0.018 0.90 £ 0.015 0.012

LGBM 0.88 + 0.020 0.89 £ 0.017 0.008
AdaBoost 0.88 + 0.021 0.89 £ 0.016 0.004

Logistic Regression | 0.81 + 0.025 0.83+£0.023 <0.001

SvC 0.77 £ 0.029 0.79 £ 0.026 <0.001
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Table 3. Statistical Assessment of Model

Classifier | Accurac Precision Recall F1-Score | Precision Recall F1-Score Macro Weighted
y (Class 0) | (Class 0) | (Class0) | (Class 1) | (Class 1) | (Class 1) | Avg. (F1) | Avg. (F1)
ADB 0.88 0.9 0.85 0.87 0.87 0.92 0.89 0.88 0.88
CB 0.91 0.95 0.87 0.91 0.89 0.96 0.92 0.91 0.91
LGBM 0.88 0.9 0.85 0.87 0.87 0.92 0.89 0.88 0.89
LR 0.81 0.82 0.78 0.8 0.81 0.85 0.83 0.81 0.81
RF 0.9 0.91 0.85 0.88 0.87 0.93 0.9 0.89 0.89
SvC 0.77 0.79 0.72 0.75 0.76 0.83 0.79 0.77 0.77
0.915
0.9 0.89 0.885 0.883
0.825
0.8 0.756
0.7
S 06
51
w
= 05
S
"
Z 04
Bt
Q
0.3
0.2
0.1
0
CB AB LGBM RF LR SVC
Classification Models

Figure 10. Cross Validation score

The cross-validation scores demonstrate that
CB achieved best results across every fold while
reaching the highest cross-validation score of 0.915. At
0 point the performance of AB matches CB at 0.89 while
showing persistent excellent results. The accuracy
measurement for the strong performer RF amounted to
0.883. Analysis revealed that LGBM achieved a cross-
validation score of 0.885 even though it was slightly
different from RF and LGBM. The LR model returns a
score of 0.825 which demonstrates a still acceptable
outcome. The SVC demonstrates the least success
according to cross-validation scoring at 0.756 because
of its challenged recognition accuracy throughout
different validation sets. The best performing models are
CB, AB, LGBM and RF because their cross-validation
scores exceed 0.88.

5.3 Explaining measurement and confusion
matrix

This paper includes confusion matrices of each
of the classification algorithms as well as provides a

detailed explanation of the performance metrics to
ensure model evaluation accuracy and transparency.
Once the numbers of true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN) are
shown, confusion matrix provides a graphical look at the
predictions made by the classifier.

These values are used to determine the main
evaluation metrics:

(TP+TN)
(TP+TN+FP+FN) (®)

Measures how accurate the predictions
performed by the model in general. The wastes that are
correctly predicted to be positive as a proportion of the
correctly predicted to be positive and the correct
prediction of all the positivity is what is represented by
the formula

Accuracy =

TP

Precision =
(TP + FP)

©)
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Figure 12. Four-Fold Cross Validation

It is or rather, an arithmetic mean of the
accuracy and recall. Table 3 presents these numbers per
classifier

actual positive cases. F1-Score especially comes in

handy when speaking about class and its calculation is

(Precision + Recall)

(Precision x Recall)

(10)

(RF, CB, AB, LGBM, SVC, and LR) and
encompasses class-wise scores, macro and weighted
averages. Moreover, Figure. 11 presents the matrices of
confusion of the models in a single graphical grid, which
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can be used to analyse the course of classification and
the possible misclassification areas of the models. The
matrices show that CatBoost and Random Forest
classifiers have higher TP and TN rates, implying that
they are ideal in solving the problem of identifying liver
disease at an early stage.

The Figure. 12 The 4- fold cross-validation has
its ROC curve in each case when the CB classifier was
used to predict liver disease. The Area under the Curve
(AUC) scores of Folds 1 (0.947), 2 (0.957) 3 (0.961), and
4 (0.951) were estimated separately. The CB model
strength and discriminative power in identifying cases of
liver diseases and non-cases are proven by the high
AUC values on all folds. The diagonal line displays
performance of a random classifier.

6. Conclusions

A complete research analyzes six different
classification ML models through their results by
evaluating SVC alongside RF, AB and CB and LR and
LGBM. The cross-validation method depicts the
representatives of model average performance based
on multiple testing and training splits of the data. The
dominant model in this study is CB since it achieves
superior results than other models while maintaining the
highest cross-validation score at 0.915. Under these
circumstances CB emerges as the optimal choice of
classifier for this particular problem. RF and LGBM
demonstrate similar performance quality as CB
according to cross-validation results. A discrepancy
exists in terms of accuracy among the three models
excluding AB, LR, and SVC. The CB system
demonstrates superior performance compared to every
analyzed algorithm in this investigation according to
cross-validation assessments. The classification
accuracy together with predicted values for new data
point to CB as the superior algorithm. CB demonstrates
suitable performance for this current classification
project according to the obtained results. This model
presents applicability across multiple cases because it
identifies complex relationships while avoiding system
overfitting scenarios. When selecting the ideal model for
specific  applications  other  factors including
interpretation capacity and cost of computation need
consideration. Future studies will benefit by applying
deep learning frameworks such as transformer-based
architectures, recurrent neural networks, convolutional
neural networks (CNNs), although, in the present study,
the focus was placed on traditional machine learning
classifiers. These frameworks can have a higher
accuracy and generalizability due to their usage of
multimodal datasets such as time-series patient records
or medical imaging as they can find arbitrary patterns in
large volumes of information.
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