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AI-Driven Stratified Modeling for Early Liver
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Ensemble and Conventional Machine Learning
Classifiers
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Hilla, Iraq

ABSTRACT

Background: Early prediction of liver disease remains challenging in routine clinical diagnostics due to the mul-
tifactorial nature of hepatic dysfunction and the limited discriminative capacity of conventional laboratory-only
assessments.
Objective: This study aims to develop and rigorously evaluate a robust machine learning framework for binary

liver disease classification, emphasizing predictive stability, diagnostic balance (sensitivity–specificity), and statistical
reproducibility across repeated experiments.
Methodology: A structured dataset of 1,700 records with 11 features representing demographic, behavioral, genetic,

and clinical determinants was used to train and compare five supervised models: CatBoost, AdaBoost, Random Forest,
Support Vector Machine (SVM), and Decision Tree. Performance was assessed under two stratified train–test partitions
(60:40 and 70:30). Each experimental configuration was independently repeated 20 times, and mean ± standard
deviation was reported for Accuracy, Precision, Recall, F1-score, Specificity, and ROC-AUC to quantify reliability and
cross-run robustness. Confusion matrices and ROC curves were used for complementary diagnostic interpretation.
Results: Ensemble learners consistently outperformed non-ensemble counterparts across both partitions. CatBoost

exhibited the strongest and most stable performance, achieving approximately 0.88 Accuracy and 0.95 ROC-AUC,
alongside the lowest false negative rate (∼0.11). The narrow standard deviations across the 20-run protocol indicate
high reproducibility and reduced sensitivity to random sampling effects, supporting the generalization strength of the
proposed evaluation design.
Conclusion & Contribution: The study provides a statistically grounded, reproducible ML evaluation framework

for early liver disease prediction and demonstrates that optimized ensemble learning, particularly CatBoost, can
enhance diagnostic accuracy while reducing clinically critical misclassification. These findings support the feasibility
of AI-assisted screening pipelines and establish a methodological foundation for future translation into non-invasive
decision-support systems in preventive hepatology.
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1. Introduction

Liver disease is a substantial morbidity and mor-
tality contributor globally. Recent estimates at the
global level estimate approximately two million
deaths related to the liver per year when cirrhosis and
liver cancer are combined [1, 2]. Thus, it underlines
the fact that liver disease is a significant compo-
nent of premature mortality in high-resource and
low-resource settings. The World Health Organization
reported that viral hepatitis accounted for approxi-
mately 1.3 million deaths annually, thus highlighting
a need of early detection and prevention as well [3].
Late diagnosis has an association with irreversible
damage to the organ as well as failure and increased
total health care costs and utilization, hence making
early diagnosis imperative [4]. Biochemical LFTs and
imaging methods such as ultrasound or MRI provide
markedly vital information within practical limita-
tions due to vulnerability on expert-dependent man-
ual interpretation, additional cost and availability
limitations, and varying accuracy in different settings
[5–7].

In recent years, machine learning (ML) has be-
come one of the most effective clinical data analysis
tools due to its ability to model complex nonlinear
relationships between biochemical indicators, demo-
graphic factors, and disease outcomes. Numerous
studies demonstrated that ML methods could attain at
least as good or even better results compared to tra-
ditional statistical baselines under relevant validation
[8, 9]. Several have applied ML for liver disease pre-
diction on well-established clinical datasets- which
include the Indian Liver Patient Dataset (ILPD) from
UCI Machine Learning Repository [10]. Decision Tree
(DT), Naïve Bayes (NB), K-Nearest Neighbors (KNN),
Support Vector Machines (SVM), and Random Forests
(RF) are the algorithms that have been commonly
implemented for use and offer substantially varying
yet occasionally relatively powerful diagnostic per-
formance. Gradient boosting, RF, XGBoost ensembles
typically outperform others on tabular clinical data
[11–13]. Deep learning methods have also recorded
notable results in tasks related to predictions on the
liver, with over 90% accuracies across various works
and studies [14, 15]. These include Deep Neural
Networks (DNNs) on ILPD and combined Convolu-
tional Neural Network/ Fully Connected Network
(CNN/FCN) architectures for acute liver failure, how-
ever, accuracy, interpretability, and external validity
across different patient populations remain a princi-
pal issue [12, 13].

The prospective Clinical Decision Support Systems
that ML can offer is optimizing workflows and enables

earlier, more objective assessment, as the disease
of the liver progresses. Therefore, predictive per-
formance on transparency and clinical plausibility
should be optimized in models intended for high-
stakes decision-making [16, 17]. The challenges of
class imbalance, overfitting, and inappropriate fea-
ture selection constrain generalizability and hence
practical application. Therefore, standardized pre-
processing together with a very rigorous validation
process that includes an external test and trans-
parent reporting according to emerging guidelines
such as TRIPOD+AI are prerequisites. Consequently,
there is also an pressing need for a harmonized
pre-processing-evaluation environment to conduct a
systematic comparative comparison between differ-
ent machine-learning algorithms to determine which
are clinically relevant frameworks for the prediction
of liver diseases [18].

Therefore, the purpose of this study is to develop
and rigorously evaluate a machine-learning frame-
work for early liver disease classification using a
structured clinical dataset, with emphasis on diag-
nostic reliability and generalization under repeated
experimentation.

The novelty of this work lies in (i) conducting a
systematic comparison of multiple supervised learn-
ers, including modern ensemble boosting (CatBoost
and AdaBoost) alongside classical baselines, (ii) eval-
uating performance under two stratified train–test
partitions (60:40 and 70:30), and (iii) reporting mean
± standard deviation across 20 independent runs us-
ing multiple clinically relevant metrics to quantify
stability and reduce split-dependent bias; an aspect
often underreported in prior liver disease prediction
studies.

Despite the substantial progress reported across
recent studies, several unresolved methodological
limitations continue to restrict the clinical reliability
and comparability of current liver disease predic-
tion models. First, performance reporting remains
highly split-dependent and protocol-sensitive, with
wide variability in reported accuracies across works
using similar datasets, suggesting that results are of-
ten influenced by inconsistent preprocessing choices
and insufficiently standardized validation proce-
dures. Second, many studies emphasize single-run or
single-split performance, which limits confidence in
model stability and reproducibility under different
sampling conditions. Third, interpretability is fre-
quently treated as an auxiliary add-on rather than an
integrated diagnostic requirement, despite the need
for clinically plausible explanations in high-stakes
screening contexts. Accordingly, the main problem
addressed in this study is the lack of a harmonized,
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Fig. 1. A robust and reproducible machine-learning pipeline for liver disease prediction.

reproducible evaluation setting that enables reliable
comparison of competing ML models while quan-
tifying stability and diagnostic balance. To resolve
this, the proposed approach implements a consistent
preprocessing-and-evaluation workflow, conducts a
systematic comparison of classical and ensemble
learners, and introduces repeated experimentation
across two stratified train–test partitions with mean
± standard deviation reporting over multiple clini-
cally relevant metrics; thereby reducing split bias and
strengthening the interpretability-readiness of liver
disease prediction models.

2. Methodology

This section details the complete experimental
framework adopted for developing and evaluat-
ing supervised machine-learning classifiers aimed
at predicting liver-disease status. The methodolog-
ical workflow encompassed dataset acquisition, ex-
ploratory data analysis, data preprocessing, and
modeling pipeline configuration, all executed in a re-
producible Python environment to ensure analytical
transparency and clinical interpretability. As illus-
trated in Fig. 1, the end-to-end workflow proceeds
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Fig. 2. Diagnosis distribution among participants (Healthy vs Diseased).

from dataset acquisition and exploratory data anal-
ysis to preprocessing and robustification, followed by
a stratified experimental design (60:40 and 70:30),
comparative model training (DT, SVM, RF, AdaBoost,
and CatBoost), and repeated evaluation (20 indepen-
dent runs) using stability-aware reporting (mean ±
standard deviation) across multiple clinically relevant
metrics.

2.1. Exploratory data analysis (EDA)

The exploratory data analysis (EDA) demonstrates
that the dataset is statistically coherent and suitable
for supervised classification, while also providing
clinically interpretable signals to guide model design.
Fig. 2 presents the target-label distribution, show-
ing that liver disease is present in 55.1% of cases
and absent in 44.9%. This matters because near-
balanced classes reduce the risk of inflated accuracy
due to majority-class dominance and enable stan-
dard metrics (e.g., ROC-AUC, F1-score) to reflect
true discriminative ability. The insight is that only
limited rebalancing pressure is expected, allowing al-
gorithmic performance to primarily reflect learning
capacity rather than class-correction effects.

Fig. 3 shows the sex distribution (49.6% male,
50.4% female), indicating a highly balanced demo-
graphic composition. This matters because imbal-
anced demographic representation can bias model
learning and compromise fairness and generaliza-
tion. The insight is that performance differences are

less likely to be driven by sex-based sampling im-
balance, supporting more equitable generalization
across sexes.

Fig. 4 reports the distributions of continuous pre-
dictors (Age, BMI, Alcohol Consumption, Physical
Activity, and Liver Function Test), spanning clini-
cally plausible ranges (e.g., Age 20–80, BMI 15–40
kg/m2, LFT 20–100). This matters because well-
covered ranges and the absence of extreme skewness
or sparsity reduce instability in training and improve
the reliability of both linear-margin models (e.g.,
SVM) and nonlinear ensemble learners. The insight
is that the dataset provides sufficient variability to
learn clinically meaningful boundaries without being
overly dominated by outliers or degenerate feature
distributions.

Fig. 5 compares key continuous variables across
healthy and diseased groups via boxplots, high-
lighting visible between-group separation patterns,
particularly for liver-related biomarkers. This mat-
ters because group separation in EDA is an early
indicator of feature discriminativeness and supports
the feasibility of classification. The insight is that
biomarker-centered variables (notably liver function
indicators) exhibit diagnostic contrast, suggesting
that models capable of capturing nonlinear interac-
tions (e.g., boosting ensembles) may exploit these
separations more effectively than simple rule-based
splits.

Fig. 6 visualizes class-conditional distributions
of binary risk factors (e.g., Smoking, Genetic Risk,
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Fig. 3. Gender composition of the study cohort.

Diabetes, Hypertension), showing that positive
risk states occur in meaningful but non-dominant
proportions (e.g., Smoking 30.4%, Genetic Risk 42%,
Diabetes 14.7%, Hypertension 15.5%). This matters
because extremely rare binary predictors can be
statistically unstable, whereas overly prevalent
ones can trivialize prediction. The insight is
that these binary variables provide informative
clinical variance that can complement continuous
biomarkers, supporting a mixed-feature modeling
strategy.

Finally, Fig. 7 presents the Spearman correlation
heatmap, where several predictors show monotonic
association with the target diagnosis, including Liver
Function Test (ρ = 0.36) and Alcohol Consump-
tion (ρ = 0.35), alongside smaller but meaningful
correlations for Smoking (ρ = 0.20), Gender (ρ =
0.19), and BMI (ρ = 0.17). This matters because
correlation structure helps verify that predictors
carry signal while also revealing whether multi-
collinearity could distort model interpretation or
stability. The insight is twofold: (i) multiple clini-
cally plausible variables contribute predictive signal,
and (ii) inter-feature correlations are generally low
(mostly |ρ| < 0.10), suggesting minimal multi-
collinearity and supporting stable learning across
models. Overall, these EDA findings justify proceed-
ing to supervised modeling with confidence that the
dataset is balanced, well-behaved, and diagnostically
informative.

2.2. Data preprocessing

2.2.1. Dataset loading and initial exploration
The dataset utilized in this study, titled Predict

Liver Disease (available at Kaggle) [19], was ob-
tained under the Attribution 4.0 International (CC
BY) license, ensuring unrestricted academic use with
proper citation. The dataset has been uploaded suc-
cessfully for analysis and contains 1,700 cases (rows)
and 11 features (columns) describing demographic,
behavioral, genetic, and clinical variables related to
liver health. The individual case profile described by
continuous and categorical predictors is attached in
Table 1: Dataset Description and Variable Character-
istics. Initial examination revealed primary attributes
relating to the liver such as results of medical tests
on the function of the liver, personal habits such as
alcohol consumption and smoking condition other
disease conditions e.g., diabetes and hypertension.
Such a broad framework creates multidimensional
perspectives in understanding determinants of liver
disease. Before proceeding into the next steps of
normalization, encoding, and handling outliers, a
verification was conducted regarding datatype con-
sistency, completeness, and code accuracy of the
variables. Diagnosis, being a binary target variable,
served as the dependent feature so that an structured
supervised classification structure could be devel-
oped for predicting the presence of liver disease.
Exploratory Data Analysis and Machine Learning
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Fig. 4. Feature distribution histograms and KDE curves for continuous variables.
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Fig. 5. Comparative box plots of continuous features by diagnostic group.
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Fig. 6. Distribution of categorical risk factors in the study population.
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Fig. 7. Spearman correlation matrix of all clinical and lifestyle features.

Model Development reveal that this dataset is notably
well-constructed.

2.2.2. Missing data assessment and completeness
verification

Missing data was extensively analyzed to check
the structural and analytical soundness of the Pre-
dict Liver Disease dataset before it underwent further
stages of preprocessing. In a structured diagnostic
approach implemented in Python, every variable has
been assessed by calculating their absolute and rela-
tive missing counts as provided in the Missing Values
Report. From this report, it was observed that there
are no missing values among the 11 features; there-
fore, this dataset is complete and ready for further
statistical analysis. The lack of null entries removes
the need for any imputation technique like Median or
mode replacement that would keep the original statis-
tical distribution of the dataset and avoid introducing
artificial bias. This is the stage at which validation

of data completeness becomes very important so that
subsequent processes of feature scaling, encoding,
and modeling become robust. The dataset was found
to be completely populated and consistent as well as
analytically sound sufficiently for exploratory data
analysis and the machine learning-based classifica-
tion exercise on liver disease risk.

2.2.3. Duplicate record detection and uniqueness
validation

To keep the dataset intact and minimize biases
relating to redundancy, a comprehensive analysis
of duplicate records on the Predict Liver Disease
dataset was performed. Verification was performed
through a comprehensive row-wise duplication check
using Python’s pandas library to ensure there are
no replicated entries that might skew the statistical
distribution or inject spuriousness in model accuracy
by supporting repeated patterns. Diagnostic results
demonstrated that no duplicate rows exist within the
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Table 1. Dataset description and variable characteristics.

Measurement/ Range/
Variable Type Coding Scheme Categories Clinical or Analytical Significance

Age Continuous
(Numerical)

Recorded in years 20–80 Represents participant age; a major
determinant in metabolic and hepatic
function variability. Used for stratified
risk assessment.

Gender Categorical (Binary) 0 = Male, 1 = Female {0, 1} Captures sex-specific physiological and
hormonal differences influencing liver
enzyme activity and disease
susceptibility.

BMI (Body Mass Index) Continuous
(Numerical)

Calculated as weight
(kg)/height2 (m2)

15–40 Indicates nutritional and metabolic status;
higher BMI is often correlated with
hepatic steatosis and non-alcoholic fatty
liver disease risk.

Alcohol Consumption Continuous
(Numerical)

Units of alcohol per
week

0–20 Quantifies hepatotoxic exposure; higher
consumption is associated with elevated
liver enzyme levels and chronic liver
disease.

Smoking Categorical (Binary) 0 = No, 1 = Yes {0, 1} Reflects exposure to oxidative stress and
toxins that may exacerbate hepatic
inflammation and fibrosis.

Genetic Risk Categorical
(Ordinal)

0 = Low, 1 = Medium, 2
= High

{0, 1, 2} Represents hereditary predisposition to
liver dysfunction; allows gradient-based
analysis of inherited susceptibility.

Physical Activity Continuous
(Numerical)

Average hours per week 0–10 Indicates overall activity level; inversely
related to obesity and insulin resistance,
which are risk factors for liver disease.

Diabetes Categorical (Binary) 0 = No, 1 = Yes {0, 1} Identifies presence of metabolic
dysregulation; frequently co-occurs with
hepatic steatosis and non-alcoholic liver
disease.

Hypertension Categorical (Binary) 0 = No, 1 = Yes {0, 1} Reflects cardiovascular comorbidity; may
indicate systemic inflammation and
altered hepatic perfusion patterns.

Liver Function Test (LFT) Continuous
(Numerical)

Composite biochemical
measure (e.g., ALT, AST,
ALP, bilirubin)

20–100 Serves as a direct quantitative marker of
hepatic health; elevated values suggest
hepatocellular injury or dysfunction.

Diagnosis Categorical (Binary;
Target Variable)

0 = No liver disease, 1
= Liver disease

{0, 1} Dependent variable used for supervised
learning classification; defines case vs.
control grouping.

dataset since the count of duplicated observations is
equal to zero. This finding obviates any doubt about
structural uniqueness and originality of the dataset,
thereby asserting that every record is for a differ-
ent participant profile. No duplicate records facilitate
keep the observation independent, generalization of
machine learning models, and avoids model overfit-
ting while training. This leads to an inference that the
dataset is complete and unique, hence satisfying one
of the principal requirements for high-quality data
preprocessing in predictive modeling and clinical
analytics.

2.2.4. Outlier detection and IQR-based winsorization
Outlier treatment was conducted to reduce extreme

numeric values which, if not addressed, would ad-
versely affect statistical relationships and introduce

bias into model learning. The method used here is
Winsorization based on the Interquartile Range (IQR)
for all continuous variables in the Predict Liver Dis-
ease dataset to identify and address extreme readings.
Under this methodology, outliers are defined as val-
ues greater than 1.5 times the IQR below the first
quartile (Q1) or above the third quartile (Q3). Rather
than excluding these observations, Winsorization re-
places them with values at appropriate boundary
limits, maintaining the original data size and ensur-
ing data quality. After performing this operation, all
1,700 records were retained, demonstrating its effec-
tiveness in attenuating outliers without data loss. This
adjustment ensured a more stable statistical distri-
bution and improved model resilience by reducing
excessive influence from improbable or abnormal
values.
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Table 2. Skewness analysis of continuous numeric features.

Feature Skewness Interpretation

Age –0.041 Approximately Symmetrical
BMI –0.072 Approximately Symmetrical
Alcohol Consumption 0.018 Approximately Symmetrical
Physical Activity –0.023 Approximately Symmetrical
Liver Function Test 0.040 Approximately Symmetrical

2.2.5. Skewness assessment of continuous variables
A distributional symmetry evaluation of all contin-

uous numeric features in the Predict Liver Disease
dataset was performed to determine the appropriate-
ness of parametric modeling and statistical balancing
before normalization. Skewness for five quantitative
attributes, Age, BMI, Alcohol Consumption, Physi-
cal Activity, and Liver Function Test, was computed
using the Fisher-Pearson standardized moment coef-
ficient. According to Table 2, “Continuous Numeric
Features Skewness Analysis,” all variables have skew-
ness within the range of –0.072 to 0.040, indicating
approximate symmetry. This suggests that the data
are evenly distributed around their means, reducing
the need for logarithmic or Box-Cox transforma-
tions. These variables can therefore be used in
subsequent statistical modeling and machine learning
without distortion due to asymmetric distributions,
supporting accurate and stable parameter estimation.
Overall, these results confirm the quantitative quality
of the dataset and its suitability for feature scaling and
model development.

2.2.6. Target variable distribution and class balance
verification

An evaluation of the diagnosis target variable pro-
vided insight into class balance for the Predict Liver
Disease dataset and helped determine whether resam-
pling techniques would be required prior to training
the model. The distribution analysis results showed
764 records coded 0 (no liver disease) and 936
records coded 1 (has liver disease), translating to
proportions of 44.94% and 55.06%, respectively. The
comparatively balanced scenario confirmed a binary
classification structure having reasonably balanced
classes; thus, no synthetic oversampling or undersam-
pling steps like SMOTE or random resampling would
be required. maintain the natural class proportions
helps maintain the representativeness of the dataset
intact and reduces any artificial variance that may
undermine against model generalization. Balanced
class distribution makes sure that learning algorithms
find relevant discriminative patterns between healthy
and diseased cases, favoring neither as it does not
lead to an overreliance on one dominant class, hence
supporting fair and robust model evaluation in future
predictive analyses.

2.2.7. Feature standardization and scale normalization
The standard scaler () transformation method is

used to ensure numerical stability as well as make dif-
ferent heterogeneous features comparable with one
another. This rescales continuous variables by center-
ing each feature, yielding it attains a Mean of zero and
makes adjustments in its variance to one; that is, all
measures are transformed into a standardized normal
distribution. It will mitigate such differences in mag-
nitudes particularly between the clinical and behav-
ioral indicators, for example, body mass index and al-
cohol consumption as well as results from liver func-
tion tests. The StandardScaler () method will ensure
that no large magnitude variable will dominate the
model optimization process even for those algorithms
where the sensitivity of the feature scaling is high.
All continuous features are harmonized within a con-
sistent scale framework which enables convergence
more readily to achieve while improving coefficient
interpretability and ensuring a balanced contribution
of all predictors throughout the learning process. In
this respect, preprocessing creates uniform data space
that prevents biased parameter estimation and robust
pattern recognition in subsequent analyses.

2.2.8. Modeling pipeline configuration and performance
evaluation framework

A modeling framework was developed to evaluate,
in a systematic manner, the classification perfor-
mance of liver disease within a structured and
reproducible experimental design. Five supervised
learning classifiers, CatBoost, AdaBoost, Random For-
est, SVM, and Decision Tree, were applied to a
fully preprocessed and standardized dataset. Before
model training, z-score normalization for all contin-
uous variables using StandardScaler() was applied
to harmonize feature distributions and remove scale
disparities, ensuring consistent optimization across
algorithms. To maintain proportional representation
of both diagnostic categories, stratified sampling was
used for data partitioning. Two train–test config-
urations, 60:40 and 70:30, were applied to assess
model stability under different levels of training data
availability. Each configuration was executed across
twenty independent stratified runs, and performance
statistics were aggregated as mean ± standard devi-
ation to minimize stochastic variability and improve
experimental reliability. A complete set of confusion-
matrix-derived measures was used, including True
Positives, False Positives, True Negatives, and False
Negatives. Higher-level indicators computed from
these elements included Accuracy, Precision, Re-
call (Sensitivity), Specificity, F1-score, False Positive
Rate, False Negative Rate, and Receiver Operat-
ing Characteristic area under the curve (ROC-AUC).
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Together, these diagnostics rigorously assessed dis-
crimination ability, generalization performance, and
misclassification behavior to support model com-
parison and optimal selection. The mathematical
formulations of all reported metrics are presented
in the section below to ensure transparency and
reproducibility.

Accuracy =
TP+ TN

TP+ TN + FP+ FN [20]

Precision =
TP

TP+ FP [20]

Recall
(
Sensit ivity

)
=

TP
TP+ FN [20]

F1-score = 2×
Precision× Recall
Precision+ Recall [20]

Speci f icity =
TN

TN + FP [21]

ROC − AUC =
1∫

0

TPR (FPR) d (FPR) [22]

3. Results and discussion

CatBoost, AdaBoost, Random Forest, Support Vec-
tor Machine (SVM), and Decision Tree algorithms
were exhaustively assessed regarding their perfor-
mance in the prediction task, namely classifying liver

disease status from a standardized dataset. Z-score
normalization was applied to ensure feature standard-
ization of all continuous predictors, as models such
as SVM, which rely on margin optimization, tend to
perform more effectively when feature magnitudes
are comparable. Experiments were conducted using
two stratified splits, 60:40 and 70:30, to test training
adequacy and generalization capability. Each config-
uration was executed in 20 independent stratified
runs, with all indicators reported as mean ± standard
deviation to support robustness and reproducibility.
Numerical results are presented in Table 4, “Evalua-
tion Metrics for Stratified 70:30 and 60:40 Splits (20
runs, mean ± std),” and Table 4, “Confusion Matrix
Metrics for Stratified 70:30 and 60:40 Splits (20 runs,
mean ± std).” Graphical results are shown in Figs. 8
to 13.

The quantitative analysis provided in Table 3
shows that all ensemble-based models were able to
outperform their classical SVM and Decision Tree
counterparts. CatBoost has been able to achieve the
highest mean scores with an accuracy of 0.8787 ±
0.0117 and ROC-AUC of 0.9357 ± 0.0071 under
the 60:40 split, marginally increasing to values of
0.8816 ± 0.0120 and 0.9378 ± 0.0095 under a split
of 70:30, respectively, for accuracy and ROC-AUC.
Results obtained for AdaBoost and Random Forest
are comparable close; accuracies lie between approx-
imately 0.87–0.88 and AUCs near 0.93 while SVM
shows moderate performance with around .91 for
AUC, Decision Tree finally having the lowest capa-
bility to discriminate with only approximately 0.80

Table 3. Comparison of machine-learning approaches for liver disease prediction.

Best Model Best Accuracy
Study Dataset/Task Algorithms Evaluated Reported (%)/AUC-ROC

Ghosh et al. (2021) [23] Chronic liver disease prediction
(public clinical dataset)

LR, RF, XGBoost, SVM,
AdaBoost, KNN, DT

Random Forest 83.70/–

Dritsas & Trigka (2023)
[24]

Liver disease risk prediction
(ILPD)

Multiple ML + Voting
ensemble

Voting classifier 80.10/0.884

Wu et al. (2019) [25] Fatty liver disease (clinical
cohort, 577 patients)

RF, NB, ANN, LR Random Forest 87.48 / 0.925

Ghazal et al. (2022) [26] Early liver disease prediction Multiple ML models Proposed ML model 88.40 / –
Md et al. (2023) [27] Liver disease detection (ILPD) GB, XGBoost, Bagging, RF,

Extra Trees, Stacking
Extra Trees 91.82 / –

El Atifi et al. (2025)
[28]

Liver disease prediction (public
dataset)

RF, AdaBoost, Gradient
Boosting

Tuned Random
Forest

85.17 / –

Moturi et al. (2023) [29] Liver disease prediction (ILPD) KNN, DT, Extra Trees, LR, RF Extra Trees 92.50 / –
Lakumarapu et al.

(2024) [30]
Liver disease prediction LR, KNN, DT, RF RF / LR ≈ 74.0 / –

Modhugu & Ponnusamy
(2024) [31]

Liver disease prediction (Kaggle,
large-scale)

SVM, LR, DT SVM 85.0 / –

Nararrya et al. (2025)
[32]

Liver disease prediction +
feature importance

RF, LR, XGBoost, GB, SVC,
LightGBM, CatBoost

CatBoost 92.18 / –

Soares et al. [33] Liver disease classification
(Kaggle)

SVM (IQR outlier handling) SVM 84.74 / 0.933

This study Liver disease prediction (Kaggle,
1,700 records, 11 features)

DT, SVM, RF, AdaBoost,
CatBoost

CatBoost ≈ 88.0 / ≈
0.94–0.96
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Table 4. Evaluation metrics for stratified 70:30 and 60:40 Splits (20 runs, mean ± std).

Accuracy Precision Recall (Sensitivity) F1-score Specificity ROC-AUC
Model Split (mean ± std) (mean ± std) (mean ± std) (mean ± std) (mean ± std) (mean ± std)

CatBoost 60:40 0.8787 ± 0.0117 0.8928 ± 0.0148 0.8861 ± 0.0176 0.8893 ± 0.0109 0.8696 ± 0.0207 0.9357 ± 0.0071
AdaBoost 60:40 0.8732 ± 0.0145 0.8874 ± 0.0177 0.8817 ± 0.0200 0.8843 ± 0.0134 0.8627 ± 0.0247 0.9334 ± 0.0077
Random Forest 60:40 0.8691 ± 0.0119 0.8852 ± 0.0115 0.8758 ± 0.0191 0.8803 ± 0.0115 0.8609 ± 0.0159 0.9295 ± 0.0090
SVM 60:40 0.8319 ± 0.0105 0.8401 ± 0.0132 0.8580 ± 0.0168 0.8488 ± 0.0096 0.8000 ± 0.0206 0.9061 ± 0.0073
Decision Tree 60:40 0.8036 ± 0.0152 0.8246 ± 0.0161 0.8170 ± 0.0186 0.8206 ± 0.0142 0.7873 ± 0.0222 0.8021 ± 0.0154
CatBoost 70:30 0.8816 ± 0.0120 0.8980 ± 0.0174 0.8863 ± 0.0224 0.8918 ± 0.0114 0.8758 ± 0.0247 0.9378 ± 0.0095
AdaBoost 70:30 0.8727 ± 0.0130 0.8870 ± 0.0182 0.8820 ± 0.0223 0.8842 ± 0.0121 0.8614 ± 0.0272 0.9353 ± 0.0097
Random Forest 70:30 0.8750 ± 0.0116 0.8909 ± 0.0150 0.8815 ± 0.0220 0.8859 ± 0.0113 0.8670 ± 0.0214 0.9322 ± 0.0104
SVM 70:30 0.8373 ± 0.0187 0.8442 ± 0.0207 0.8648 ± 0.0256 0.8541 ± 0.0172 0.8035 ± 0.0308 0.9093 ± 0.0114
Decision Tree 70:30 0.8047 ± 0.0207 0.8242 ± 0.0220 0.8212 ± 0.0265 0.8224 ± 0.0194 0.7845 ± 0.0313 0.8028 ± 0.0210

Fig. 8. Model performance (60:40 Split).

for AUC. All results indicate a very high level of
consistency since standard deviation is quite mini-
mal. Minor improvements for accuracy, recall, and
AUC when using the 70:30 split indicate improved
generalization of the model with an increased portion
of the training subset. This fact has visual support in
Figs. 8 and 9, where the bar-plot distributions reveal
the dominance of CatBoost, AdaBoost, and Random
Forest across all evaluation measures.

Further insights are created from the diagnostic
metrics that emanate from the confusion matrix,
as summarized in Table 5. The components of the
confusion matrix-True Positives (TP), False Positives
(FP), True Negatives (TN), and False Negatives (FN)
have all been averaged to come up with some ba-
sic but important diagnostic indicators that include

a False Positive Rate (FPR) and a False Negative
Rate (FNR). CatBoost possesses the lowest FNR val-
ues among evaluated algorithms (0.1139 ± 0.0176
at 60:40 and 0.1137 ± 0.0224 at 70:30) and the
lowest FPR values (0.1304 ± 0.0207 and 0.1242 ±
0.0247), respectively-all this puts sensitivity above
others toward discovering diseased cases while keep-
ing precision in minimizing false alert among healthy
individuals. AdaBoost and Random Forest have pro-
duced the same diagnostic reliability, while SVM and
Decision Tree showed higher error rates (FPR about
0.20–0.21; FNR about 0.14–0.18) that attested a less
favorable balance between sensitivity and specificity,
hence marking ensemble methods clinically meaning-
ful since they are robust in detecting diseases with
minimum misclassification.
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Fig. 9. Model performance (70:30 Split).

The confusion matrix and ROC curve figures visu-
ally support these quantitative results. Major diagonal
dominance in Figs. 10 and 11, “Confusion Matrices of
Best Runs,” for the stratified 60:40 and 70:30 splits,
respectively, is most evident for CatBoost, AdaBoost,
and Random Forest. This reflects strong true-positive
and true-negative counts, consistent with the numeri-
cal results. The ROC curves in Figs. 12 and 13 further
demonstrate separability strength, as the curves lie
close to the top-left region of the plots, which is typ-
ically associated with high discrimination between
positive and negative cases. CatBoost attained the
highest area under the curve, with AUC approxi-
mately in the range 0.951 to 0.958, closely followed
by AdaBoost and Random Forest with AUC values
near 0.95. In contrast, SVM and Decision Tree ex-
hibited less pronounced curves, consistent with lower
AUC values. The similarity of ROC profiles across
both splits is reassuring, as it supports model relia-
bility across partitions and validates the evaluation
protocol in statistical terms.

The stability of the performance metrics for twenty
random runs demonstrates how well results can be
reproduced with this proposed framework. Ensem-
ble models showed low variance in accuracy, recall,
and specificity further attesting to their robustness to
perturbations in the data. Misclassification analysis
revealed that the majority of errors were originat-
ing from borderline clinical profiles where patient
biomarkers were overlapping between mild disease

and healthy ranges. SVM and Decision Tree algo-
rithms primarily misclassified these marginal cases as
non-diseased (hence increasing FNR), while AdaBoost
sometimes tends to over-prediction (hence increasing
FPR). However, CatBoost balanced error control ow-
ing to an ordered boosting and feature dependency
handling resulting in a symmetrical distribution of
errors across classes.

Overall, the experimental findings clearly estab-
lish CatBoost as the most reliable and diagnosti-
cally accurate for liver disease prediction among
the five classifiers tested in addition to being the
best-performing model. A high degree of accuracy
accompanied by a high ROC-AUC, and low rates of
both type I and II errors render it both statistically
and clinically credible. The close correspondence be-
tween the tabular results as well as the graphical
evidence and the stability observed in two splits val-
idates claims of robustness as well as generalizability
for this developed modeling framework. Additionally,
CatBoost inherently provides feature-importance es-
timates, and this interpretability component can be
incorporated in future work to highlight the most
influential clinical predictors and support clinically
transparent decision-making.

As summarized in Table 3, several prior studies
have reported competitive or higher peak accuracy
values on liver disease datasets; however, these re-
sults are obtained under heterogeneous datasets,
clinical endpoints, and validation protocols, which
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Fig. 10. Confusion matrices of best runs – Stratified 60:40 Split.
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Fig. 11. Confusion matrices of best runs – Stratified 70:30 Split.
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Fig. 12. ROC curves of best runs – Stratified 60:40 Split.
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Fig. 13. ROC curves of best runs – Stratified 70:30 Split.
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Table 5. Confusion matrix metrics for stratified 70:30 and 60:40 Splits (20 runs, mean ± std).

FPR FNR
Model Split TN (mean ± std) FP (mean ± std) FN (mean ± std) TP (mean ± std) (mean ± std) (mean ± std)

CatBoost 60:40 266.1000 ± 6.3317 39.9000 ± 6.3317 42.6000 ± 6.5757 331.4000 ± 6.5757 0.1304 ± 0.0207 0.1139 ± 0.0176
AdaBoost 60:40 264.0000 ± 7.5631 42.0000 ± 7.5631 44.2500 ± 7.4825 329.7500 ± 7.4825 0.1373 ± 0.0247 0.1183 ± 0.0200
Random Forest 60:40 263.4500 ± 4.8629 42.5500 ± 4.8629 46.4500 ± 7.1587 327.5500 ± 7.1587 0.1391 ± 0.0159 0.1242 ± 0.0191
SVM 60:40 244.8000 ± 6.3135 61.2000 ± 6.3135 53.1000 ± 6.2761 320.9000 ± 6.2761 0.2000 ± 0.0206 0.1420 ± 0.0168
Decision Tree 60:40 240.9000 ± 6.7816 65.1000 ± 6.7816 68.4500 ± 6.9532 305.5500 ± 6.9532 0.2127 ± 0.0222 0.1830 ± 0.0186
CatBoost 70:30 200.5500 ± 5.6611 28.4500 ± 5.6611 31.9500 ± 6.2966 249.0500 ± 6.2966 0.1242 ± 0.0247 0.1137 ± 0.0224
AdaBoost 70:30 197.2500 ± 6.2360 31.7500 ± 6.2360 33.1500 ± 6.2791 247.8500 ± 6.2791 0.1386 ± 0.0272 0.1180 ± 0.0223
Random Forest 70:30 198.5500 ± 4.9038 30.4500 ± 4.9038 33.3000 ± 6.1895 247.7000 ± 6.1895 0.1330 ± 0.0214 0.1185 ± 0.0220
SVM 70:30 184.0000 ± 7.0569 45.0000 ± 7.0569 38.0000 ± 7.1903 243.0000 ± 7.1903 0.1965 ± 0.0308 0.1352 ± 0.0256
Decision Tree 70:30 179.6500 ± 7.1713 49.3500 ± 7.1713 50.2500 ± 7.4557 230.7500 ± 7.4557 0.2155 ± 0.0313 0.1788 ± 0.0265

limits direct numerical comparability. In contrast, the
present study emphasizes evaluation robustness and
reproducibility, demonstrating consistently strong
CatBoost performance across two stratified splits with
twenty repeated runs and low variance across all
diagnostic metrics. This stability-aware assessment,
together with balanced control of false-positive and
false-negative errors, provides stronger evidence for
real-world screening applicability than single-split or
accuracy-only evaluations.

4. Conclusion

This study developed and rigorously evaluated
a supervised machine-learning framework for early
liver disease classification, with emphasis on diagnos-
tic stability, clinically meaningful error control, and
reproducibility. Five classifiers (CatBoost, AdaBoost,
Random Forest, SVM, and Decision Tree) were
assessed on a standardized clinical dataset using two
stratified train–test partitions (60:40 and 70:30). To
strengthen statistical reliability, each model–split
configuration was executed across 20 independent
runs, and performance was summarized as mean ±
standard deviation using Accuracy, Precision, Recall,
F1-score, Specificity, and ROC-AUC, supported by
confusion-matrix–derived error rates and ROC-curve
analysis.

Across both splits, ensemble learners consistently
outperformed non-ensemble baselines, with CatBoost
achieving the most stable and best overall perfor-
mance. CatBoost delivered accuracy of approximately
0.88 and ROC-AUC in the range of ∼0.94–0.96, while
maintaining low false-negative and false-positive
rates (FNR ∼0.11 and FPR ∼0.12), indicating strong
sensitivity for detecting diseased cases without sac-
rificing specificity. The narrow variance observed
across repeated runs further supports the robustness
of the evaluation protocol and reduces sensitivity
to split-dependent effects, providing a more reliable
basis for model selection than single-run reporting.
Collectively, these findings support the feasibility of

stability-aware, data-driven ensemble modeling as
a non-invasive screening approach that can assist
clinical decision-making through accurate and repro-
ducible risk assessment.

Future work should validate the proposed
framework on external and multi-center clinical
cohorts, integrate interpretability through CatBoost
feature-importance analysis and post-hoc expla-
nation methods (e.g., SHAP/LIME), and evaluate
deployment feasibility within real-time clinical
decision-support settings.

Limitations: This study relied on a single pub-
licly available Kaggle dataset, which may not fully
represent real-world clinical heterogeneity, and no
external clinical validation has yet been performed;
therefore, the generalizability of the reported per-
formance should be interpreted cautiously until
prospective and multi-center testing is conducted.
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