Journal of Artificial Intelligence and Metaheuristic

4 ISSN: 2833-5597 Vol: 11, No. 01, 2026 ¢ PP. 3749
Article DOI: https://doi.org/10.54216/JAIM.110104

FULL LENGTH ARTICLE

A Human-Inspired Metaheuristic Optimization Framework for
Accurate Liver Disease Prediction Using Clinical Laboratory
Data

Benyamin Abdollahzadeh'”

Marwa M. Eid??

! Department of Mathematics, Faculty of Science, University of Hradec Kralové, 500 03, Hradec Kralové, Czech Republic
2 Faculty of Artificial Intelligence, Delta University for Science and Technology, Mansoura 11152, Egypt
3 Jadara Research Center, Jadara University, Irbid 21110, Jordan

Emails: benyamin.abdolahzade @ gmail.com - mmm @ieee.org

ABSTRACT

The rapid increase in liver disease prevalence worldwide, particularly in developing regions, necessitates accurate
and reliable diagnostic systems capable of supporting early clinical decision-making based on routine laboratory data.
This study proposes a human-inspired metaheuristic optimization framework that integrates the iHow Optimization
Algorithm (iIHOW) with Extreme Gradient Boosting (XGBoost) to enhance liver disease prediction performance.
After optimization, IHOW+XGBoost attains 0.983696458 accuracy, 0.983391608 sensitivity, 0.984012066 specificity,
and 0.983965015 F-Score, outperforming all compared optimizers.
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1. INTRODUCTION

Liver diseases represent one of the most critical and rapidly
escalating global public health challenges, imposing a sub-
stantial burden on healthcare systems, national economies,
and affected populations worldwide [37], [38], [39]. Chronic
hepatic disorders, including hepatitis, cirrhosis, fatty liver
disease, and progressive liver failure, continue to rank among
the leading causes of morbidity and mortality, particularly in
developing and low-income regions. In such settings, lim-
ited access to advanced diagnostic infrastructure, shortages
of specialized medical professionals, and constrained health-
care resources frequently result in delayed diagnosis and
insufficient monitoring. Consequently, a significant propor-
tion of patients are diagnosed only at advanced stages of
disease progression, when therapeutic interventions become
less effective and long-term clinical outcomes are markedly

compromised [40], [41]. Beyond their direct clinical impact,
liver diseases exert profound socioeconomic consequences
that extend to patients, families, and healthcare systems. In-
dividuals suffering from chronic liver dysfunction often ex-
perience diminished quality of life, reduced work capacity,
and long-term disability, while healthcare providers face in-
creased financial pressure due to prolonged hospitalization,
repeated laboratory testing, and the need for complex and
costly treatment regimens [42]. Delayed or inaccurate di-
agnosis further exacerbates these challenges by accelerating
disease progression, increasing the likelihood of irreversible
liver damage, and limiting the effectiveness of available thera-
peutic options. Collectively, these factors highlight the urgent
need for reliable, efficient, and early diagnostic methodolo-
gies capable of supporting timely clinical decision-making
and mitigating the growing burden of liver disease [43]. Early
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detection plays a pivotal role in improving patient progno-
sis and enabling timely medical intervention [44]. Clinical
assessment of liver function primarily relies on biochemical
laboratory tests, including measurements of bilirubin levels,
liver enzymes, total proteins, albumin concentration, and
protein ratios. These biomarkers provide essential insight
into hepatic metabolic activity, detoxification capability, and
synthetic function [45], [46]. However, interpreting such
indicators remains a challenging task due to their complex
nonlinear relationships, strong interdependencies, and sensi-
tivity to demographic factors such as age and gender. Conven-
tional diagnostic approaches are largely dependent on manual
interpretation, predefined threshold values, and physician
expertise, which may vary across clinical settings and prac-
titioners. As a result, traditional methods often struggle to
capture subtle multivariate patterns within high-dimensional
clinical data, leading to diagnostic variability and limited scal-
ability in large patient populations. In recent years, machine
learning has emerged as a powerful paradigm for addressing
these limitations in medical diagnosis [47], [48]. By lever-
aging data-driven learning mechanisms, machine learning
models can automatically identify complex nonlinear inter-
actions among clinical biomarkers that are difficult to model
using traditional statistical techniques. Unlike conventional
approaches that rely on simplifying assumptions regarding
data distribution, machine learning algorithms can adaptively
learn discriminative patterns from high-dimensional feature
spaces, enabling more accurate, consistent, and reproducible
predictions. Furthermore, machine learning-based diagnostic
systems facilitate automation and objective decision support,
reducing reliance on subjective clinical judgment and im-
proving diagnostic consistency. A growing body of literature
has demonstrated the superiority of machine learning-based
approaches over classical statistical models in a wide range
of disease prediction tasks, thereby motivating their applica-
tion to liver disease detection and screening [49]. Despite
these advantages, the application of machine learning to liver
disease prediction presents several inherent challenges that
complicate model development and deployment. One of the
most prominent challenges arises from the high dimension-
ality of biochemical feature spaces. Liver-related clinical
datasets typically comprise numerous laboratory indicators
that reflect overlapping physiological processes. While these
features collectively encode valuable diagnostic information,
their simultaneous inclusion increases computational com-
plexity and exacerbates the curse of dimensionality, poten-
tially impairing learning efficiency and model generalization.
Closely associated with high dimensionality is the issue of
feature redundancy and irrelevance. Many biochemical in-
dicators, such as liver enzymes and protein ratios, exhibit
strong correlations, while certain features contribute limited
discriminatory power for disease classification. The presence
of redundant or weakly informative variables can obscure
meaningful patterns, inflate model variance, and degrade
predictive performance. Consequently, identifying and se-
lecting the most informative subset of clinical biomarkers
is essential for constructing efficient, interpretable, and ro-
bust diagnostic models. Another significant challenge stems
from class imbalance and demographic bias within liver dis-
ease datasets. Clinical records often exhibit unequal dis-
tributions between liver patients and non-liver individuals,

reflecting real-world screening and referral practices. Such
imbalance can bias learning algorithms toward the major-
ity class, reducing sensitivity in detecting affected patients.
Additionally, demographic characteristics, including male-
dominant patient populations and age-capping practices for
elderly individuals, introduce further complexity by embed-
ding population-specific biases into the data. If not adequately
addressed, these factors may limit the fairness, robustness,
and generalizability of predictive models. Moreover, the per-
formance of advanced machine learning models is highly
sensitive to hyperparameter configurations. Ensemble-based
learning methods, particularly boosting architectures, require
careful tuning to achieve an optimal balance between bias
and variance. Inadequate hyperparameter selection may lead
to underfitting, overfitting, or unstable learning behavior, es-
pecially when applied to noisy and limited clinical datasets.
Manual tuning of hyperparameters is both time-consuming
and suboptimal, underscoring the necessity for automated and
intelligent optimization strategies [50]. Ensuring robust gener-
alization remains an additional challenge in medical machine
learning applications. Clinical datasets are frequently con-
strained in size, heterogeneous in quality, and susceptible to
noise arising from laboratory variability and patient-specific
factors. These characteristics increase the risk of overfit-
ting, whereby models exhibit strong apparent performance
on training data but fail to maintain reliability when applied
to unseen patient cases. Addressing this issue is essential
for developing clinically trustworthy liver disease prediction
systems capable of real-world deployment. Against this back-
drop, the primary objective of this study is to develop a robust
and intelligent machine learning framework for liver disease
prediction using routine clinical and biochemical data. Ini-
tially, multiple machine learning classifiers are developed
and systematically evaluated to establish baseline predictive
performance. This comparative assessment provides insight
into the relative suitability of different learning paradigms for
modeling liver-related clinical features. Building upon the
baseline analysis, the study aims to enhance predictive per-
formance through metaheuristic-based feature selection and
hyperparameter optimization. By intelligently identifying
the most informative subset of clinical biomarkers and opti-
mizing model configurations, the proposed approach seeks
to improve classification accuracy while reducing computa-
tional complexity. Particular emphasis is placed on achieving
balanced predictive behavior that is clinically meaningful
and resilient to data variability. In addition to performance
enhancement, the proposed framework prioritizes robustness
and generalization. The optimization strategy is designed to
mitigate overfitting, stabilize learning dynamics, and support
consistent predictive behavior across diverse patient profiles.
These objectives align with the broader goal of advancing
intelligent decision support systems for early and accurate
liver disease diagnosis. To this end, this study proposes a
hybrid metaheuristic—machine learning framework tailored
specifically for liver disease prediction using biochemical and
demographic clinical data. The methodology integrates an
improved metaheuristic optimization strategy with a power-
ful ensemble learning model, enabling simultaneous feature
selection and hyperparameter tuning within a unified opti-
mization framework. This integration provides a systematic
solution to the intertwined challenges of dimensionality, re-
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dundancy, and model sensitivity commonly encountered in
clinical prediction tasks. Furthermore, the study establishes
a comprehensive evaluation framework to assess predictive
performance before and after optimization, facilitating a trans-
parent analysis of the impact of the proposed approach. By
emphasizing clinically relevant evaluation criteria, the frame-
work highlights the role of intelligent optimization in en-
hancing diagnostic reliability without increasing model com-
plexity. The proposed framework also contributes to clinical
interpretability by reducing reliance on redundant biomark-
ers while preserving essential diagnostic information. This
aspect is particularly important in healthcare applications,
where transparency, efficiency, and trust are critical prerequi-
sites for real-world adoption. The main contributions of this
study can be summarized as follows: * A comprehensive and
intelligent framework is proposed for liver disease prediction
based on routine clinical and biochemical laboratory data,
addressing key challenges associated with nonlinear feature
interactions, model sensitivity, and diagnostic reliability. *A
human-inspired metaheuristic optimization strategy is inte-
grated with an ensemble machine learning model to perform
automated hyperparameter tuning, enabling adaptive explo-
ration and exploitation of the search space and improving
model robustness. ® An extensive comparative evaluation is
conducted in which the proposed methodology is systemati-
cally benchmarked against multiple state-of-the-art machine
learning models and well-established metaheuristic optimiza-
tion algorithms under a unified experimental protocol. ¢ The
study provides a rigorous multi-metric assessment framework
tailored to medical diagnosis, ensuring balanced evaluation
of disease detection capability, non-disease recognition, and
predictive reliability. * The proposed approach emphasizes
clinical interpretability and practical applicability by rely-
ing exclusively on routinely collected laboratory indicators,
making it suitable for real-world deployment in early liver
disease screening and decision support systems. ® The find-
ings of this work contribute to the growing body of research
on intelligent optimization in healthcare by demonstrating the
effectiveness of human-inspired metaheuristics in enhancing
advanced machine learning models for clinical prediction
tasks. The remainder of this paper is organized as follows.
Section 2 describes the dataset, preprocessing procedures,
machine learning models, and optimization strategies em-
ployed in the study. Section 3 outlines the experimental setup
and evaluation methodology. Section 4 presents the empirical
analysis and comparative evaluation of the proposed frame-
work. Section 5 discusses the findings in relation to existing
literature, highlighting implications and limitations. Finally,
Section 6 concludes the paper and outlines directions for
future research.

2. LITERATURE REVIEW

The global prevalence of liver diseases has increased sub-
stantially due to environmental pollution, unhealthy dietary
habits, metabolic disorders, and excessive alcohol consump-
tion. This growing burden has motivated extensive research
into intelligent diagnostic systems capable of improving early
detection, prediction accuracy, and clinical decision-making.
A laboratory-data-driven diagnostic framework, known as
the Liver Patients Detection Strategy (LPDS), was proposed

to overcome the limitations of conventional diagnostic ap-
proaches [51]. The framework integrates preprocessing, fea-
ture selection, and classification into a unified pipeline. A key
contribution of this work is the Improved Binary Butterfly Op-
timization Algorithm (IB20A), which employs Information
Gain for initial feature reduction and opposition-based learn-
ing for improved initialization. Experimental results using
multiple classifiers demonstrated superior diagnostic perfor-
mance, with KNN achieving the highest accuracy. A compre-
hensive review of machine learning techniques for early-stage
chronic liver disease detection was presented in [52]. The
study critically analyzed existing research with respect to pre-
cision, recall, generalization capability, and transferability. It
highlighted that although ML models demonstrate strong pre-
dictive potential, their performance is highly sensitive to sam-
ple size, feature selection strategies, and model complexity.
Beyond diagnosis, machine learning has been applied to prog-
nostic risk stratification in metabolic dysfunction-associated
steatotic liver disease (MASLD). A survival-based CART
model was developed to predict major adverse cardiac events
in MASLD patients [53]. The study identified age and cu-
mulative metabolic risk factors as strong predictors, offering
a practical ML-based tool for long-term cardiovascular risk
assessment. Ensemble learning combined with hyperparame-
ter optimization has shown notable success in liver disease
prediction. In [54], multiple tree-based models were inte-
grated with the Tree-Structured Parzen Estimator (TPE) for
automated tuning. After addressing class imbalance and fea-
ture scaling, the optimized Extra Tree Classifier achieved a
high diagnostic accuracy, demonstrating the effectiveness of
probabilistic hyperparameter search. Model interpretability
was addressed through the integration of Polynomial features
and SHapley Additive exPlanations in [55]. The study re-
ported consistent improvements across multiple performance
metrics and emphasized the importance of interpretability
for clinical trust, particularly in capturing nonlinear feature
interactions relevant to liver disease diagnosis. Machine learn-
ing has also been employed in population-level nutritional
studies. A large-scale analysis using random forest classi-
fiers investigated the association between dietary nutrients
and hepatic steatosis [56]. The findings revealed that higher
manganese intake was associated with reduced steatosis risk,
illustrating the potential of ML in nutritional epidemiology
and disease prevention. Risk prediction for hepatocellular
carcinoma (HCC) in MASLD patients was explored using
machine learning models trained on routine clinical and lab-
oratory parameters [57]. The study demonstrated high pre-
dictive accuracy, with fibrosis-related scores emerging as the
strongest predictors, supporting the role of ML in person-
alized cancer surveillance. Image-based machine learning
approaches have also contributed to liver disease staging. A
quantitative vessel analysis system was developed to estimate
arterial density in liver biopsies using a decision tree algo-
rithm [58]. The results showed strong correlations between
arterial density, collagen proportion, and fibrosis stage, sug-
gesting a novel ML-assisted histological staging approach. At
the molecular level, integrative machine learning frameworks
have enabled biomarker discovery. In [59], differential ex-
pression analysis, co-expression networks, and ML-based fea-
ture selection identified five inflammation-related hub genes
associated with MASLD. These biomarkers demonstrated
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strong diagnostic potential and biological relevance. Genetic
studies have further benefited from machine learning. A trans-
ancestral analysis leveraged ML-based phenotype prediction
to enhance the detection of rare coding variants associated
with MASLD [60]. The study highlighted the effectiveness
of ML in overcoming phenotyping challenges and improv-
ing discovery power in large biobank datasets. The shared
molecular mechanisms between coronary artery disease and
non-alcoholic fatty liver disease were investigated using inte-
grated bioinformatics and machine learning approaches [61].
Several hub genes were identified as potential diagnostic
biomarkers, with immune and inflammatory pathways emerg-
ing as key shared mechanisms. The impact of data imbalance
and ensemble learning on chronic liver disease diagnosis was
examined in [62]. Hybrid models combining SMOTE-ENN,
recursive feature elimination, and ensemble classifiers signifi-
cantly improved predictive accuracy on benchmark datasets,
underscoring the importance of balanced data representation.
Advanced feature selection and ensemble fusion strategies
were proposed in [63], where LASSO-ANOVA-based recur-
sive selection identified key biochemical and demographic
features. The ensemble fusion of Random Forest, AdaBoost,
and CatBoost achieved high diagnostic accuracy, demonstrat-
ing the effectiveness of hybrid ML pipelines. Explainable
artificial intelligence was further emphasized in [64], where
SHAP and LIME were integrated with boosting-based classi-
fiers. The approach successfully balanced predictive perfor-
mance with transparency, identifying clinically meaningful
predictors such as liver function tests, alcohol consumption,
and age. Finally, deep learning approaches were evaluated
for liver disease classification using the Indian Liver Patient
Dataset [65]. Convolutional Neural Networks outperformed
traditional machine learning models by effectively capturing
complex nonlinear patterns, highlighting the growing role of
deep learning in automated liver disease diagnosis. Overall,
the reviewed studies demonstrate that machine learning and
deep learning techniques significantly enhance liver disease
diagnosis, prognosis, and biomarker discovery. Despite these
advances, challenges related to interpretability, data hetero-
geneity, and clinical integration remain critical directions for
future research. To provide a structured and comparative
overview of the existing literature, Table 1 summarizes the
fifteen reviewed studies. The table highlights the primary re-
search focus, adopted methodologies, datasets or data sources,
and the key findings and contributions of each work. This
comparative presentation facilitates a clearer understanding
of how different machine learning, deep learning, and data-
driven strategies have been applied to liver disease diagnosis,
prognosis, risk stratification, and biomarker discovery, while
also revealing methodological trends and research gaps across
the literature.

3. MATERIALS AND METHODS

3.1 Dataset Description

The dataset employed in this study was collected from clini-
cal test samples obtained in the North East region of Andhra
Pradesh, India, and is designed to support the automated de-
tection of liver disease using routine laboratory measurements.
The dataset reflects a real-world clinical context in which bio-
chemical liver function indicators are routinely recorded as

Table 1. Summary of related studies on liver disease diagnosis,
prediction, and analysis.

Study Focus Methodology Limitation

Shaban [51] Early liver disease di- Binary butterfly opti- Limited external
agnosis mization and ML validation

Allenki and  Chronic liver disease =~ Comparative ML tech-  Dataset-specific

Soni [52] detection niques analysis

Shibata et al. Risk stratification in ~ Machine-learning risk  Cohort-dependent

[53]
Islam et al. [54]

Ejiyi et al. [55]

MASLD

Liver disease predic-

tion

Marker
analysis

interaction

algorithm

ML with tree-

structured Parzen

estimator
Polynomial-SHAP and
ML

findings
Requires broader
testing

Model-assumption
sensitivity

part of diagnostic and screening procedures. Its structure and
composition make it suitable for investigating data-driven
approaches to liver disease prediction while accounting for
demographic and clinical variability commonly observed in
hospital-based records. The dataset comprises a total of 583
patient records, including individuals diagnosed with liver dis-
ease as well as non-liver patients. Each record corresponds to
a unique patient and contains both demographic information
and biochemical test results. The class distribution distin-
guishes between liver patients and non-liver patients using a
predefined binary class label, enabling supervised learning for
disease classification. The dataset exhibits demographic di-
versity, with records spanning a wide age range and including
both male and female patients. To ensure consistency in age
representation and to address sparsity at extreme values, all
patients whose age exceeded 89 years were grouped under a
single age category labeled as 90. This preprocessing decision
reflects common practices in clinical data handling and sup-
ports model stability. Gender distribution within the dataset
is imbalanced, with a higher proportion of male patients com-
pared to female patients. Such imbalance reflects observed
epidemiological trends in liver disease prevalence but also
introduces challenges related to demographic bias, which are
considered during model development and evaluation. The
dataset structure enables analysis of how demographic factors
interact with biochemical indicators in liver disease predic-
tion. The feature set consists of both demographic and bio-
chemical attributes. Demographic features include patient age
and gender, which are known to influence liver function and
disease susceptibility. Biochemicalfeaturescorrespondtostan-
dardliverfunctiontestsandrelatedclinicalindicators, including
total bilirubin, direct bilirubin, liver enzymes, total proteins,
albumin levels, and albumin-to-globulin ratio. These features
collectively capture multiple aspects of hepatic metabolism,
enzymatic activity, and protein synthesis, providing a com-
prehensive representation of liver health. The inclusion of
both enzyme-based and protein-based indicators allows the
learning models to exploit complementary diagnostic infor-
mation embedded within routine laboratory measurements.
The target variable is defined as a binary class label denoted
asis_patient, which indicates whether a given record corre-
sponds to a liver disease patient or a non-liver individual.
This formulation To analyze the statistical behavior and com-
parative distribution of key liver enzyme biomarkers, Fig.
2 illustrates the kernel density estimates of serum glutamic
pyruvic transaminase (SGPT) and serum glutamic oxaloacetic
transaminase (SGOT) levels. This visualization enables a di-
rect comparison of the central tendency, spread, and overlap
between the two enzyme distributions, which are clinically
relevant indicators of hepatic function. As shown in Fig. 2,
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Figure 1. Overlaid histograms illustrating the distribution of

dataset features used in the classification process.
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the distinct distributional patterns provide insight into their in-
dividual diagnostic contributions and justify their inclusion as
discriminative features in liver disease classification models.
presents violin plots for serum glutamic pyruvic transaminase
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[ SGPT

0.6 [ SGOT
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Figure 2. Kernel density distributions of SGPT and SGOT
enzyme levels.

(SGPT), serum glutamic oxaloacetic transaminase (SGOT),
and alkaline phosphatase (ALP). Unlike summary statistics
alone, violin plots combine kernel density estimation with
measures of central tendency, enabling a detailed
visualiza-tion of data dispersion, multimodality, and
skewness. As illustrated in Fig. 3, the distinct
distributional profiles of these enzymes highlight their
differing biochemical behav-iors and underscore their
relevance as informative features for liver disease
classification.

Violin Plot of Liver Enzymes
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Figure 3. Violin plots illustrating the distribution of SGPT, SGOT,
and alkaline phosphatase enzyme levels.

alkphos

3.2 Data Preprocessing

Data preprocessing constitutes a critical stage in the devel-
opment of reliable machine learning models, particularly in
medical applications where clinical data may be affected by
noise, variability, and inconsistencies. In this study, a sys-
tematic preprocessing pipeline is employed to enhance data
quality, improve learning stability, and ensure that subsequent
modeling stages operate on well-conditioned inputs. Clin-
ical datasets often contain missing or noisy values arising
from measurement errors, laboratory variability, or incom-
plete patient records. Such imperfections can adversely affect
the learning process if left unaddressed. Therefore, prior to
model training, the dataset is examined to identify missing
entries and anomalous values within the clinical features. Ap-
propriate strategies are applied to handle these issues in a
manner consistent with medical data integrity, ensuring that
the preprocessing steps do not distort the underlying clin-
ical meaning of the variables. This process contributes to
reducing noise-induced bias and improving the robustness of
downstream learning models. Categorical variables require
special treatment to be compatible with machine learning
algorithms that operate on numerical representations. In the
considered dataset, gender is the only categorical feature and
is encoded using a numerical encoding scheme that preserves
its binary nature while enabling effective model processing.
This encoding approach avoids the introduction of artificial
ordinal relationships and ensures that gender information is in-
corporated into the learning process without inflating feature
dimensionality. Feature scaling and normalization are applied
to address differences in magnitude and measurement units
across biochemical indicators. Liver function features, such
as enzyme levels and protein concentrations, naturally span
different numerical ranges, which can bias distance-based
and gradient-based learning algorithms if not properly scaled.
To mitigate this issue, normalization techniques are employed
to rescale numerical features to a comparable range. This
step improves numerical stability, accelerates model conver-
gence, and prevents features with large numeric values from
dominating the learning process. Outlier and distribution
analysis is performed to examine the statistical characteris-
tics of each feature and to identify extreme values that may
unduly influence model training. Clinical outliers may arise
from rare pathological conditions, measurement artifacts, or
data entry errors. Rather than indiscriminately removing
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such values, the analysis is conducted carefully to distinguish
between clinically meaningful extremes and spurious anoma-
lies. This ensures that important diagnostic information is
retained while minimizing the adverse effects of noise and
irregularities. Finally, correlation and redundancy analysis
is conducted to investigate interdependencies among the bio-
chemical and demographic features. Liver function indicators
are often physiologically related, leading to strong correla-
tions that can introduce redundancy into the feature space.
Highly correlated variables may increase model complexity
without providing additional predictive value. Identifying
such relationships supports informed feature selection and
optimization strategies by highlighting redundant attributes
and enabling the construction of more compact and efficient
predictive models. This analysis forms a foundational step
for subsequent feature selection and optimization procedures
applied in the study.

3.3 Machine Learning Models

The selection of appropriate machine learning models is a
fundamental step in the development of reliable clinical deci-
sion support systems, particularly for disease prediction tasks
involving heterogeneous biochemical and demographic data.
In this study, multiple machine learning classifiers are em-
ployed to capture diverse learning behaviors and to explore
different inductive biases when modeling liver-related clini-
cal features. The chosen models span probabilistic, instance-
based, tree-based, and ensemble learning paradigms, enabling
a comprehensive methodological investigation of their suit-
ability for liver disease classification. Decision Tree models
are adopted as one of the baseline classifiers due to their
inherent interpretability and structured learning mechanism.
Decision Trees operate by recursively partitioning the fea-
ture space into homogeneous regions based on decision rules
derived from feature thresholds. This hierarchical structure
allows the model to capture nonlinear relationships and fea-
ture interactions without requiring explicit assumptions about
data distributions. In the context of clinical applications,
Decision Trees are particularly valuable because their deci-
sion paths can be traced and interpreted, facilitating clinical
insight into how demographic and biochemical features con-
tribute to diagnostic outcomes. However, their susceptibil-
ity to overfitting, especially in high-dimensional and noisy
datasets, necessitates careful consideration of model complex-
ity and motivates comparative evaluation with more robust
learning techniques. Naive Bayes classifiers are included as
representative probabilistic models grounded in Bayes’ the-
orem. These models estimate posterior class probabilities
under the assumption of conditional independence among
features given the class label. While this assumption is often
violated in medical datasets—where biochemical indicators
are physiologically correlated—Naive Bayes classifiers have
demonstrated practical effectiveness in various biomedical
classification tasks due to their simplicity, robustness to small
sample sizes, and low computational cost. Their probabilis-
tic formulation provides an explicit measure of uncertainty,
which is advantageous in clinical decision-making scenarios.
Moreover, the inclusion of Naive Bayes serves as a refer-
ence point for assessing the benefits of more complex nonlin-
ear and ensemble-based models. The K-Nearest Neighbors
model is incorporated as a non-parametric, instance-based

learning approach that relies on similarity measures in the
feature space. Rather than learning an explicit parametric
model during training, K-Nearest Neighbors classifies unseen
instances based on the class labels of their nearest neighbors.
This local learning behavior enables the model to adapt to
complex and irregular decision boundaries that may arise
in clinical data. However, its performance is highly sensi-
tive to feature scaling, noise, and the dimensionality of the
input space, making it particularly dependent on effective
preprocessing and feature selection. Including K-Nearest
Neighbors in the comparative framework provides insight
into how distance-based methods behave when applied to
biochemical liver function indicators. Gradient Boosting is
employed as a powerful ensemble learning technique that con-
structs a predictive model through the sequential aggregation
of weak learners, typically decision trees. Each new learner is
trained to correct the errors made by the preceding ensemble,
resulting in a model that progressively refines its predictions.
This additive learning strategy enables Gradient Boosting to
capture complex nonlinear patterns and higher-order feature
interactions that may not be effectively modeled by single
learners. Its flexibility and strong theoretical foundations
have led to widespread adoption in medical data analysis,
where relationships among features are often intricate and
nonlinear. However, Gradient Boosting models are sensitive
to hyperparameter settings, which can significantly influence
learning dynamics and generalization behavior. XGBoost is
selected as an advanced ensemble learning framework that
extends traditional gradient boosting through algorithmic and
computational enhancements. These enhancements include
regularization mechanisms to control model complexity, ef-
ficient tree construction strategies, and support for parallel
computation. Such characteristics make XGBoost particu-
larly well-suited for high-dimensional tabular data, where
balancing model expressiveness and generalization is criti-
cal. In clinical datasets containing correlated biochemical
indicators and demographic variables, XGBoost provides a
flexible architecture capable of modeling complex interac-
tions while incorporating mechanisms to mitigate overfitting.
Due to its modular design and compatibility with automated
optimization strategies, XGBoost is chosen as the primary
model for subsequent feature selection and hyperparameter
optimization. Its structure allows seamless integration with
metaheuristic optimization techniques, enabling systematic
exploration of feature subsets and parameter configurations
within a unified framework. This methodological choice sup-
ports a focused investigation of how intelligent optimization
can enhance model efficiency, stability, and suitability for
liver disease prediction, while maintaining alignment with
the broader comparative evaluation of machine learning ap-
proaches employed in this study.

3.4 Metaheuristic Optimization

Metaheuristic optimization plays a central role in enhancing
the effectiveness and robustness of machine learning models,
particularly in complex clinical prediction tasks characterized
by high dimensionality, nonlinear feature interactions, and
heterogeneous data distributions. Unlike conventional opti-
mization techniques that rely on gradient information or ex-
haustive search, metaheuristic algorithms employ population-
based and stochastic search strategies inspired by natural, bi-
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ological, or physical processes. These characteristics enable
them to explore large and complex search spaces efficiently,
making them well suited for optimizing machine learning
models applied to medical datasets. In the context of liver
disease prediction, model performance is strongly influenced
by both feature representation and internal configuration pa-
rameters. The interaction between biochemical indicators,
demographic attributes, and learning model structure creates
a highly nonconvex optimization landscape in which tradi-
tional tuning approaches may become trapped in suboptimal
configurations. Metaheuristic optimization provides a flex-
ible and adaptive mechanism for navigating this landscape
by balancing global exploration and local exploitation. This
balance is particularly important when optimizing advanced
ensemble learning models, where multiple parameters jointly
determine learning behavior, model capacity, and generaliza-
tion ability. The optimization framework adopted in this study
is designed to systematically adjust model-related parameters
in order to improve learning stability, reduce overfitting risk,
and enhance the model’s ability to capture clinically mean-
ingful patterns. By embedding the learning model within
a metaheuristic search process, the optimization procedure
operates as a wrapper mechanism that evaluates candidate
configurations based on predictive fitness while preserving
the integrity of the clinical data.

3.5 Hyperparameter Tuning

Hyperparameter tuning constitutes a critical component of the
proposed metaheuristic optimization framework. Hyperpa-
rameters govern the learning dynamics, structural complexity,
and regularization behavior of machine learning models, and
their selection has a direct impact on model generalization
and robustness. In ensemble-based learning frameworks such
as XGBoost, hyperparameters control how individual learn-
ers are constructed, how successive learners interact, and
how model complexity is regulated during training. The op-
timization process focuses on identifying suitable values for
key hyperparameters that influence learning rate, model ca-
pacity, and structural configuration. Parameters controlling
the learning rate determine how rapidly the model adapts to
training data and how strongly new information influences
the ensemble. Structural parameters regulate the complexity
of the underlying learning components, shaping how feature
interactions are represented and how expressive the model be-
comes. Additionally, parameters related to model depth and
internal representation play an important role in balancing
underfitting and overfitting, particularly when working with
clinical datasets containing correlated biochemical features
and limited sample sizes. Manual selection of such hyper-
parameters is both time-consuming and prone to suboptimal
choices, especially when interactions among parameters are
nonlinear and data-dependent. Therefore, the hyperparame-
ter tuning process is formulated as an optimization problem,
where the objective is to identify parameter configurations
that promote stable learning behavior and effective repre-
sentation of clinical patterns. Metaheuristic algorithms are
employed to automate this process by iteratively generating,
evaluating, and refining candidate hyperparameter sets based
on a defined fitness criterion. By integrating hyperparameter
tuning within the metaheuristic optimization framework, the
study ensures that model configuration is not treated as an

isolated preprocessing step, but rather as an adaptive and data-
driven process. This approach supports the development of
machine learning models that are better aligned with the un-
derlying characteristics of liver disease data and more suitable
for clinical decision support applications.

3.5.1 The iHow Optimization Algorithm (iHOW)

The iHow Optimization Algorithm (i(HOW) is a recently de-
veloped human-inspired metaheuristic designed to solve com-
plex optimization problems by emulating the hierarchical
cognitive processes observed in human learning and decision-
making. Unlike nature-inspired or physics-based optimizers,
iHOW is grounded in an abstract representation of human
intellectual behavior, progressing from raw data acquisition
to expert-level reasoning. This hierarchical structure enables
the algorithm to gradually refine candidate solutions through
a structured transition from exploration to exploitation. The
conceptual architecture of iHOW is organized into five se-
quential cognitive components: Data Gathering (DS), Learn-
ing State (LS), Information Structuring (IS), Knowledge State
(KS), and Expert Strategy (ES). Each component contributes
a distinct influence to the evolution of candidate solutions,
collectively guiding the search process toward high-quality
regions of the solution space. Let X t i€Rd denote the posi-
tion of thei-th search agent at iterationt. The general position
update rule of iHOW is formulated as: X t+1 i =X ti+4r 1
DSt+1 +r 2 LSt+1 +r 3 ISt+1 +r 4 KSt+1 +r 5 ESt+1,(1)
where rl,r 2,r 3,r 4,r 5€(0, 1)are adaptive stochastic coeffi-
cients controlling the relative contribution of each cognitive
component. Data Gathering and ExplorationDuring the early
stages of optimization, exploration is emphasized through
the Data Gathering mechanism, which promotes population
diversity and broad coverage of the search space. The ex-
ploration component is computed as: DSt+1 =r 1 DS1 +r
12 DS2 +r 1r2r3 DS3,(2) whereDS1,DS 2, andDS3 repre-
sent exploratory displacement vectors derived from randomly
selected agents and search directions. Learning and Infor-
mation StructuringThe Learning State consolidates experi-
ence accumulated from previous iterations and transforms
exploratory information into structured knowledge. It is de-
fined as: LSt+1 =r 1 LS1 +r 1r2 LS2 +r 1r2r3 LS3,(3) where
theLS components encode historical solution feedback. The
Information Structuring state refines this learned informa-
tion to improve orientation within the search landscape: IS
t+1 =0 LSt+1 + (1-¢¢) DSt+1,(4) withae(0,1)controlling the
balance between experience and exploration. Knowledge
FormationThe Knowledge State represents accumulated high-
level understanding derived from exploration and learning. It
is updated as: KS t+1 =DS t+1 +LS t+1 +K t,(5) whereK t is
a time-varying knowledge factor governing the exploration—
exploitation transition: Kt =2-2 ( t Tmax ) ,(6) with Tmax
denoting the maximum number of iterations. This formula-
tion ensures a gradual reduction of exploration pressure as the
optimization progresses. Expert Strategy and ExploitationIn
the exploitation phase, each agent generates multiple candi-
date moves based on expert-level reasoning: X t+1 1,1 =X t1i
+r (KSt+1 +DS t+1),(7) X t+1 1,2 =X t i 41 3r4 (KSt+1 +LS
t+1),(8) X t+1 1,3 =Xt i +r 3r4r5 (KSt+1 +IS t+1),(9) whereris
a uniformly distributed random number in(0,1). Selection of
the Best CandidateAmong the generated candidates, the best
solution is selected according to: X t+1 i = arg min XeXt+1
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i1, Xt+11,2 ,Xt+1 1,3 f(X),(10) where f ( )denotes the objec-
tive function to be minimized. Algorithm 1 summarizes the
complete procedural flow of the iHOW optimization process
[66]. Algorithm 1Proposed iHOW Optimization Algorithm
1:Input:population sizeN, control parameters(r 1,r 2,r 3,r 4,r
5), maximum iterationsT 2:Output:best solutionx best 3:Ini-
tialize populationX=x1,x 2,...,x Nrandomly within bounds
4:Initialize statesDS 1,LS i, andKS i fori= 1,...,N 5:Evalu-
ate fitness for all individuals and setxbest 6:Phase 1: Data
Collection 7:fori= 1toNdo 8:Collect data stateDS i 9:end for
10:Phase 2: Learning 11:fori= 1toNdo 12:Update learning
stateLLS i using(r 1,r 2,r 3) 13:end for 14:Phase 3: Informa-
tion Processing 15:fori= 1toNdo 16:ProcessLS i to generate
structured information 17:end for 18:Phase 4: Knowledge
Acquisition 19:fori= 1toNdo 20:Fuse information and expe-
rience to updateKS i 21:end for 22:Phase 5: Optimization
23:fort= 1toTdo 24:Update knowledge factorK t =2-2x (t T
) 25:fori= 1toNdo 26:Generate candidate solution usingDS
1,L.S i, andKS i 27:Evaluate candidate fitness 28:ifcandidate
is better thanx i then 29:x i<—candidate 30:end if 31:ifx i
is better thanxbest then 32:x best«—xi 33:end if 34:end for
35:end for 36:returnx best The hierarchical cognitive struc-
ture of iHOW enables a smooth and adaptive transition from
global exploration to focused exploitation. By integrating
human-inspired learning and knowledge accumulation mech-
anisms, iIHOW provides a flexible and effective optimization
framework suitable for complex model configuration tasks,
such as machine learning hyperparameter optimization. To
benchmark the proposed iHOW optimizer under a consis-
tent and methodologically sound experimental protocol, four
well-established metaheuristic algorithms are employed as
baseline optimizers, namely Genetic Algorithm (GA), Parti-
cle Swarm Optimizer (PSO), Grey Wolf Optimizer (GWO),
and Greylag Goose Optimization (GGO). The selection of
these benchmark algorithms is deliberately designed to ensure
diversity in search strategies, population update mechanisms,
and exploration—exploitation trade-offs. By incorporating
optimizers drawn from distinct metaheuristic families, the
benchmarking framework provides a comprehensive refer-
ence landscape against which the behavior of the proposed
iHOW algorithm can be examined in a controlled and repro-
ducible manner. Genetic Algorithm is included as a canonical
evolutionary optimization technique rooted in the principles
of natural selection and biological evolution. GA operates
on a population of candidate solutions that evolve over suc-
cessive generations through selection, recombination, and
mutation operators. The selection mechanism favors fitter
individuals, while crossover and mutation introduce genetic
diversity and stochastic variation into the population. This
evolutionary process enables GA to perform extensive global
exploration of the search space and reduces the likelihood of
premature convergence, particularly in complex optimization
problems characterized by multimodal and nonlinear fitness
landscapes. As one of the most widely studied and applied
evolutionary algorithms, GA serves as a fundamental baseline
for evaluating the effectiveness of alternative optimization
strategies. Particle Swarm Optimizer is adopted as a repre-
sentative swarm-intelligence-based algorithm inspired by the
collective behavior observed in social organisms. In PSO, can-
didate solutions are modeled as particles that move through
the search space by updating their velocities and positions

based on both individual experience and shared social knowl-
edge. Each particle adjusts its trajectory by considering its
own historical best position as well as the best position found
by the swarm. This cooperative information-sharing mecha-
nism allows PSO to achieve efficient convergence while main-
taining a balance between exploration and exploitation. PSO
is particularly relevant as a benchmark due to its simplicity,
fast convergence characteristics, and widespread use in hyper-
parameter tuning and model optimization tasks. Grey Wolf
Optimizer is incorporated as a nature-inspired metaheuristic
that simulates the leadership hierarchy and cooperative hunt-
ing behavior of grey wolves. GWO structures the population
according to hierarchical roles, typically modeling dominant
and subordinate agents that guide the search process. The
algorithm alternates between exploration and exploitation
by encircling prey, updating candidate positions relative to
leading solutions, and gradually refining the search around
promising regions of the solution space. This hierarchical
control mechanism provides a structured search dynamic that
differs fundamentally from both evolutionary and swarm-
based approaches, making GWO a valuable benchmark for
assessing the adaptability and convergence behavior of the
proposed optimization framework. Greylag Goose Optimiza-
tion is included as a biologically inspired optimizer based on
the migratory and social coordination behaviors of greylag
geese. GGO models collective movement patterns, adaptive
leadership, and coordinated navigation strategies to guide the
population through the search space. By leveraging collective
alignment and adaptive coordination among candidate solu-
tions, GGO promotes effective exploration while enabling
gradual refinement toward high-quality regions. Its inclusion
adds further diversity to the benchmarking set and allows ex-
amination of optimization behavior influenced by migration-
inspired dynamics. All benchmark optimizers are referenced
using the abbreviations and corresponding expansions pro-
vided in the optimizer abbreviation list adopted throughout
this study, ensuring terminological consistency and repro-
ducibility. Collectively, the inclusion of iHOW as the pro-
posed optimization method alongside GA, PSO, GWO, and
GGO as benchmark algorithms establishes a rigorous and bal-
anced optimization framework for model configuration. This
framework enables a controlled investigation of how differing
population-based search mechanisms, information-sharing
strategies, and exploration—exploitation dynamics influence
the stability and suitability of optimized configurations within
the same experimental setting.

3.6 Evaluation Metrics

The evaluation of predictive models in medical diagnosis re-
quires more than a single aggregate performance indicator,
as different types of classification errors may lead to signifi-
cantly different clinical consequences. In the context of liver
disease prediction, false negatives may delay treatment and
increase the risk of disease progression, while false positives
may result in unnecessary follow-up tests, patient anxiety,
and increased healthcare costs. Therefore, a comprehensive
set of classification performance metrics is employed to en-
sure that the proposed framework is assessed from multiple
diagnostic perspectives. In this study, model performance
is evaluated using six widely accepted classification metrics,
namely Accuracy, Sensitivity (True Positive Rate), Specificity
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(True Negative Rate), Positive Predictive Value, Negative
Predictive Value, and F-Score. These metrics jointly assess
overall correctness, disease detection capability, non-disease
recognition, predictive reliability, and the balance between
precision and recall. Such a multi-metric evaluation strategy
is particularly important when working with clinical datasets
that may exhibit class imbalance or heterogeneous patient
characteristics. Let TP, TN, FP, and FN denote the number
of true positives, true negatives, false positives, and false
negatives, respectively. The mathematical definitions of the
evaluation metrics used in this study are summarized in Table
2. These formulations are derived from the confusion matrix
and provide a standardized basis for comparative analysis
across different models and optimization strategies.

Table 2. Evaluation metrics used for model performance assessment.

Metric Formula

Accuracy (TP+TN)/(TP+TN+FP+FN)

Sensitivity TP/(TP+FN)

Specificity TN/(TN + FP)

TP/(TP+FP)

2(Precision x Sensitivity) / (Precision + Sensitivity)

Precision
F-Score

4. EXPERIMENTAL RESULTS

4.1 Baseline Model Performance

This subsection provides an in-depth quantitative analysis
of the baseline predictive behavior of the evaluated machine
learning models prior to the application of any feature se-
lection or metaheuristic-based optimization strategies. The
primary purpose of this analysis is to establish a robust refer-
ence benchmark that reflects the inherent learning capability
of each model when trained using the full set of preprocessed
clinical features and standard, unoptimized configurations.
Such a baseline assessment is essential for objectively evalu-
ating the contribution of subsequent optimization procedures.
The baseline performance results are summarized in Table
3 using a comprehensive set of clinically relevant evalua-
tion metrics. As reported in Table 3, the XGBoost model
demonstrates the strongest baseline performance among all
evaluated classifiers. It achieves an accuracy of 0.9218, in-
dicating that more than ninety-two percent of the instances
are correctly classified without any optimization. This strong
overall performance is further supported by a sensitivity of
0.9202 and a specificity of 0.9235, reflecting a balanced capa-
bility in correctly identifying both liver disease patients and
non-liver individuals. In addition, the model attains a positive
predictive value of 0.9259 and a negative predictive value of
0.9177, highlighting reliable confidence in both positive and
negative diagnostic predictions. The corresponding F-Score
of 0.9230 confirms the model’s balanced trade-off between
precision and recall at the baseline stage. Gradient Boosting
ranks second in baseline performance, achieving an accuracy
of 0.9120. Its sensitivity and specificity values of 0.9090 and
0.9150, respectively, indicate stable and consistent classifi-
cation behavior, albeit with slightly reduced discriminative
power compared to XGBoost. The identical values observed
for specificity and positive predictive value (0.9150) suggest
coherent decision boundaries across outcome classes. The
F-Score of 0.9120 further reflects a well-balanced predic-
tive profile, positioning Gradient Boosting as a competitive

baseline learner. The K-Nearest Neighbors model exhibits
moderate baseline performance, with an accuracy of 0.9013.
Its sensitivity of 0.8965 and specificity of 0.9060 reveal a
modest imbalance between disease detection and non-disease
recognition. While the model records a positive predictive
value of 0.9027 and a negative predictive value of 0.9000, its
F-Score of 0.8996 indicates comparatively weaker balance
between precision and recall. These results suggest that al-
though K-Nearest Neighbors can capture local structures in
the data, its effectiveness is influenced by feature dimensional-
ity and distance-based sensitivity. Naive Bayes demonstrates
a baseline accuracy of 0.8916, which is lower than that of
ensemble-based and instance-based models. The sensitivity
and specificity values of 0.8865 and 0.8965, respectively, in-
dicate reduced effectiveness in distinguishing between liver
and non-liver cases. The corresponding positive and nega-
tive predictive values of 0.8928 and 0.8904 further suggest
narrower confidence margins in diagnostic decisions. The
resulting F-Score of 0.8896 reflects the limitations associated
with the conditional independence assumption when applied
to correlated biochemical liver indicators. Decision Tree ex-
hibits the lowest baseline performance among the evaluated
models, achieving an accuracy of 0.8812. Its sensitivity of
0.8759 and specificity of 0.8865 indicate reduced capability
in both disease detection and non-disease recognition. Sim-
ilarly, the positive predictive value of 0.8823 and negative
predictive value of 0.8802 highlight comparatively weaker
predictive reliability. The F-Score of 0.8791 confirms an im-
balanced trade-off between precision and recall, which can
be attributed to the model’s susceptibility to overfitting and
sensitivity to data variability under unoptimized conditions.
Overall, the baseline results presented in Table 3 reveal a
clear performance hierarchy across machine learning models.
Ensemble-based approaches consistently demonstrate supe-
rior baseline predictive capability, while probabilistic and
tree-based models exhibit comparatively lower effectiveness.
These observations provide strong quantitative motivation
for the subsequent application of metaheuristic optimization
techniques aimed at enhancing predictive accuracy, improv-
ing metric balance, and strengthening model robustness. The

Table 3. Baseline performance comparison of unoptimized machine
learning models.

Model Accuracy Sens. Spec. Prec. F-Score
XGBoost 0.9219  0.9202 0.9236 0.9259 0.9231
Random Forest ~ 0.9010  0.8957 0.9065 0.9110 0.9033
SVM 0.8696  0.8662 0.8731 0.8780 0.8721
Decision Tree 0.8424  0.8348 0.8503 0.8584 0.8464

baseline results observed in this study align with these obser-
vations, as simpler models demonstrate lower predictive effec-
tiveness relative to ensemble-based approaches. More recent
studies have highlighted the benefits of combining machine
learning models with optimization techniques, particularly
metaheuristic algorithms, to enhance predictive accuracy. The
results reported here reinforce these conclusions by demon-
strating that hyperparameter optimization yields substantial
performance gains even for already strong baseline models.
Moreover, the use of a human-inspired optimization strategy
introduces a novel perspective into liver disease prediction
research, complementing existing bio-inspired and swarm-
based optimization approaches. The consistent outperfor-
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mance of benchmark optimizers suggests that incorporating
adaptive learning and knowledge accumulation mechanisms
can further enhance model configuration quality.

Table 4. Performance comparison of XGBoost optimized using
different metaheuristic algorithms.

Model Accuracy Sens. Spec. Prec. F-Score
iHOW+XGBoost  0.9837  0.9834 0.9840 0.9845 0.9840
GA+XGBoost 0.9728 09719 0.9737 09735 0.9727
PSO+XGBoost 0.9674  0.9667 0.9681 0.9692 0.9679
GWO+XGBoost 0.9402  0.9368 0.9437 0.9452 0.9410
GGO+XGBoost 0.8804  0.8759 0.8850 0.8823 0.8791
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Figure 4. Comparative performance evaluation of different classifi-
cation models using multiple metrics.
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Figure 5. Dual bar and line plot illustrating F-score and sensitivity
performance of classification models.
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Figure 6. Box plots illustrating the distribution of performance
metrics across classification models.

Time-Series Plots for Metrics Across Models
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Figure 7. Time-series style plots illustrating performance trends of
hybrid optimization-based models.
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Figure 8. Heatmap illustrating the mean, median, and standard
deviation of performance metrics.
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Figure 9. ECDF plots illustrating the distribution of performance
metrics across classification models.

5. DISCUSSION

From a clinical perspective, the optimized predictive frame-
work offers several important advantages. The high sensitivity
achieved by the optimized model supports reliable identifica-
tion of liver disease cases, which is critical for early screening
and timely intervention. At the same time, strong specificity
reduces the likelihood of false positives, minimizing unnec-
essary follow-up testing and patient anxiety. This balanced
diagnostic behavior is essential for practical deployment in
real-world healthcare settings. The reliance on routinely col-
lected laboratory measurements enhances the feasibility of
clinical adoption, as no additional invasive procedures or spe-
cialized tests are required. The automated and data-driven
nature of the framework can support clinicians by providing
consistent and objective diagnostic recommendations, thereby
reducing inter-observer variability and supporting evidence-
based decision-making. Additionally, the robustness demon-
strated across multiple evaluation metrics suggests that the
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optimized model can maintain stable performance under vary-
ing clinical conditions. Despite the promising results, several
limitations should be acknowledged. First, the dataset used
in this study is of moderate size and originates from a single
geographical region, which may limit the generalizability of
the findings. Although the results indicate strong predictive
performance, validation on larger and more diverse patient
populations is necessary to confirm robustness across differ-
ent demographic and clinical settings. Second, the dataset
exhibits demographic imbalance, particularly with respect to
gender distribution, which may introduce bias into the learned
model. While this imbalance reflects real-world prevalence
patterns to some extent, future studies should explore strate-
gies for mitigating demographic bias to ensure equitable di-
agnostic performance. Finally, the current study focuses on
binary liver disease classification and does not differentiate
between disease subtypes or severity levels. Although this
formulation is suitable for screening applications, extending
the framework to multi-class classification would enhance its
clinical utility. Addressing these limitations in future research
will be essential for advancing the proposed approach toward
broader clinical adoption.

6. CONCLUSION AND FUTURE WORK

This study presented a comprehensive machine learning and
metaheuristic optimization framework for liver disease pre-
diction based on routine clinical and biochemical data. A
systematic experimental analysis was conducted to evaluate
the baseline performance of multiple machine learning mod-
els and to assess the impact of hyperparameter optimization
on predictive accuracy and robustness. The baseline eval-
uation demonstrated that ensemble-based learning models
exhibit strong inherent predictive capability; however, their
performance remains constrained by suboptimal hyperparam-
eter configurations when deployed without optimization. To
address this limitation, a human-inspired metaheuristic opti-
mization strategy was introduced through the integration of
the iHow Optimization Algorithm with the XGBoost learn-
ing model. The optimization process resulted in consistent
and substantial improvements across all evaluated diagnostic
metrics, including accuracy, sensitivity, specificity, predictive
values, and F-Score. Comparative analysis against estab-
lished metaheuristic optimizers confirmed that the proposed
optimization framework provides superior model configura-
tion capability, effectively enhancing learning stability and
diagnostic reliability. These findings collectively validate the
effectiveness of metaheuristic-driven hyperparameter tuning
in improving machine learning-based medical diagnosis sys-
tems. The outcomes of this research have important practical
and clinical implications for the development of intelligent de-
cision support systems in healthcare. The proposed optimized
framework demonstrates strong potential for integration into
early liver disease screening pipelines, where rapid and ac-
curate interpretation of laboratory test results is critical. By
leveraging routinely collected clinical indicators, the frame-
work can assist clinicians in identifying high-risk patients
at early stages, thereby facilitating timely intervention and
reducing the likelihood of disease progression. Furthermore,
the robustness and scalability of the optimized model make
it suitable for deployment in resource-constrained clinical

environments, where access to specialized diagnostic exper-
tise may be limited. The automated and data-driven nature
of the proposed approach can support consistent decision-
making, reduce diagnostic variability, and enhance overall
clinical efficiency. As such, the framework represents a viable
foundation for computer-aided diagnostic tools aimed at im-
proving patient outcomes and optimizing healthcare resource
utilization. Although the proposed framework demonstrates
strong performance for binary liver disease classification, sev-
eral avenues for future research remain open. One important
direction involves extending the current binary classifica-
tion formulation to a multi-class setting, enabling differen-
tiation among multiple liver disease subtypes and severity
levels. Such an extension would enhance the clinical utility
of the system by providing more granular diagnostic insights.
Another promising direction is the integration of the opti-
mized framework with real-time hospital decision support
systems. This would involve embedding the model within
clinical information systems to support continuous monitor-
ing, real-time risk assessment, and dynamic decision-making
based on incoming patient data. Addressing challenges re-
lated to system interoperability, data latency, and real-time
model updating will be critical in this context. Finally, future
work should focus on validating the proposed approach using
larger and multi-center clinical datasets. Expanding the eval-
uation to diverse patient populations and healthcare settings
will improve generalizability, reduce potential demographic
bias, and strengthen the clinical credibility of the framework.
Such large-scale validation studies are essential steps toward
the safe and effective translation of intelligent diagnostic
models into real-world clinical practice. Data Availability
The dataset used in this study is publicly available on Kag-
gle athttps://www.kaggle.com/datasets/ jeevannagaraj/indian-
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