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Abstract— Liver diseases pose a significant global
health challenge, contributing to millions of deaths each
year due to conditions such as hepatitis, cirrhosis, and
liver cancer. Early detection and accurate diagnosis are
crucial for improving patient outcomes and reducing
healthcare costs. In recent years, Artificial Intelligence
(AI) techniques have emerged as powerful tools in the
medical field, enabling precise and automated disease
prediction. This paper presents a Liver Diseases
Prediction Model using AI techniques that leverage
machine learning and deep learning algorithms to
analyze patient data, identify hidden patterns, and
predict liver abnormalities with high accuracy. The
proposed system integrates data preprocessing, feature
selection, and classification techniques such as Decision
Trees, Support Vector Machines (SVM), and Artificial
Neural Networks (ANN) to enhance prediction
reliability. Experimental results demonstrate that the
Al-based model significantly improves diagnostic
accuracy, supporting clinicians in timely decision-
making and promoting better healthcare management.
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L INTRODUCTION

Liver diseases represent a major public health
concern worldwide, affecting millions of individuals
annually and ranking among the leading causes of
morbidity and mortality. The liver plays a vital role in
regulating various metabolic processes, including
detoxification, protein synthesis, and bile production
[1]. When its normal functioning is impaired, the
consequences can be severe, often leading to life-
threatening conditions such as chronic hepatitis, fatty
liver disease, cirrhosis, and hepatocellular carcinoma.
Traditional diagnostic methods for liver diseases, such
as blood tests, imaging scans, and biopsies, are often

Prof. Nitya Khare
HOD
Department of CSE,
Sagar Institute of Research and
Technology-Excellence, Bhopal, India

time-consuming, invasive, and prone to human
interpretation errors. Consequently, there is a growing
need for intelligent and automated diagnostic systems
that can assist healthcare professionals in early and
accurate disease detection [2].

Artificial Intelligence (AI) has emerged as a
transformative technology in the field of healthcare,
particularly in medical diagnostics and predictive
modeling [3]. By combining computational power
with intelligent data analysis, Al enables systems to
learn from clinical data, recognize complex patterns,
and make data-driven predictions. Machine Learning
(ML), a subset of Al, has shown remarkable potential
in analyzing medical datasets, identifying risk factors,
and predicting disease outcomes. Deep Learning (DL),
on the other hand, provides advanced capabilities in
feature extraction and non-linear data representation,
which are highly beneficial in handling complex
medical information[4].

The development of a Liver Diseases Prediction
Model using Al techniques aims to bridge the gap
between medical expertise and computational
intelligence. Such models utilize clinical datasets
containing various parameters such as age, gender,
bilirubin level, enzyme concentrations, and protein
counts to classify patients as healthy or diseased. Al-
based prediction not only enhances diagnostic
accuracy but also reduces the dependency on invasive
methods and human intervention [5]. Various
algorithms, including Logistic Regression, K-Nearest
Neighbors (KNN), Random Forest (RF), and Artificial
Neural Networks (ANN), have been successfully
applied in previous studies to detect liver diseases.
However, integrating multiple Al techniques and
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optimizing them through hybrid or ensemble
approaches can further improve prediction reliability
and robustness[6].

Moreover, the integration of explainable Al (XAI)
approaches ensures that the decision-making process
of the predictive model remains transparent and
interpretable to medical practitioners [7]. This
enhances trust and facilitates clinical adoption of Al
systems. The proposed model also emphasizes data
preprocessing and feature selection, as these steps are
crucial to eliminate noise, handle missing values, and
retain the most informative attributes for efficient
model training. With the growing availability of large-
scale healthcare datasets and advancements in
computational technologies, Al-based liver disease
prediction models hold the potential to revolutionize
diagnostic procedures, minimize errors, and contribute
to personalized treatment strategies[8].

This study explores the implementation of Al-
driven predictive techniques for liver disease detection
and diagnosis. It highlights how integrating various
machine learning and deep learning algorithms can
enhance predictive performance and assist clinicians in
making faster and more reliable medical decisions.
The results obtained demonstrate that Al-powered
systems can serve as valuable diagnostic assistants,
ultimately contributing to improved patient outcomes
and more efficient healthcare delivery.

II. Review Type

This work follows a systematic review
methodology focused on Artificial Intelligence—based
liver disease prediction models. Unlike a narrative
review, which provides a descriptive overview, this
study adopts a structured and reproducible approach
for identifying, screening, and analyzing relevant
literature. The review is also aligned with PRISMA
(Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines to ensure transparency
and methodological rigor.

III. Literature Search Strategy

A comprehensive literature search was conducted
across multiple scientific databases, including IEEE
Xplore, ScienceDirect, SpringerLink, PubMed, and

Google Scholar. The search was limited to articles
published between 2019 and 2024 to capture recent
advancements in Al-based liver disease prediction.

The primary keywords and search strings included
combinations of’

e Liver Disease Prediction

e Liver Cirrhosis

o Artificial Intelligence

e Machine Learning

e Deep Learning

e Clinical Decision Support Systems

Boolean operators such as AND and OR were used
to refine the search and retrieve relevant studies.

IV. Inclusion Criteria

Studies were included in the review based on the
following criteria:

1. Research articles focusing on liver disease,
hepatitis, or cirrhosis prediction.

2. Use of machine learning, deep learning, or Al-
based techniques.

3. Peer-reviewed journal articles or international
conference papers.

4. Studies reporting model performance metrics
such as accuracy, precision, recall, or AUC.

5. Articles published in English between 2019
and 2024.

V. Exclusion Criteria

Studies were excluded if they met any of the
following conditions:

1. Non-Al-based or purely statistical diagnostic
approaches.

editorials, short
communications, or opinion papers.

2. Review articles,

3. Studies without experimental evaluation or
performance analysis.

4. Duplicate publications across multiple
databases.
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5. Papers lacking sufficient methodological or
dataset details.

VI. Study Selection Process

Framework)

(PRISMA

The study selection process followed a PRISMA-
style workflow consisting of identification, screening,
eligibility, and inclusion stages. Initially, all retrieved
articles were screened based on titles and abstracts.
Relevant studies were then assessed through full-text
analysis according to the defined inclusion and
exclusion criteria. Finally, only high-quality and
relevant studies were selected for detailed qualitative
analysis.

A PRISMA-style flow diagram is used to visually
represent the study selection process, including the
number of records identified, screened, excluded, and
included in the final review.

Bio Data of Patients
Input from the patient

Database

Documents

Test & Train Data

Mach.ine < Designed Model
Learning
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Result / Classification
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Figure 1: Flow chart

Figure 2 illustrates the complete working process of the
proposed Al-based liver disease prediction model. The
process begins with the collection of patient clinical data,
which includes demographic information such as age and
gender along with liver function test parameters like
bilirubin levels, enzyme values, and protein ratios. This data
forms the primary input to the prediction system.

In the next step, data preprocessing is performed to
improve data quality and reliability. This stage involves
cleaning the dataset by removing missing or inconsistent
values and applying normalization techniques to ensure that

all features are on a comparable scale. Proper preprocessing
helps enhance the performance and stability of the Al
models.

After preprocessing, feature selection is carried out to
identify the most relevant clinical attributes contributing to
liver disease prediction. Selecting significant features
reduces data dimensionality, minimizes redundancy, and
improves computational efficiency while maintaining
prediction accuracy.

The refined dataset is then used for Al model training,
where machine learning and deep learning algorithms learn
patterns and relationships within the data. During this phase,
the model adjusts its parameters to distinguish between
healthy individuals and patients with liver disease.

Once training is completed, the model undergoes testing
and validation using unseen data to evaluate its predictive
performance. Performance metrics such as accuracy,
precision, recall, and Fl-score are used to assess model
reliability.

Finally, the trained and validated model generates the
prediction outcome, classifying patients into liver disease or
non-liver disease categories. This output can assist
healthcare professionals in early diagnosis and timely
decision-making, thereby supporting effective clinical
management.

VII. LITERATURE SURVEY

Nithyashri et al., [1] proposed an intelligent classification
framework for liver diseases using ensemble machine
learning techniques. The study combined algorithms such as
Random Forest, Gradient Boosting, and AdaBoost to
improve prediction accuracy. Experimental results
demonstrated that ensemble methods significantly
outperformed individual classifiers in diagnosing liver
conditions. Their approach achieved high precision and
recall, emphasizing the importance of hybrid Al models in
healthcare diagnostics.

Chicco and Jurman [2] introduced an ensemble learning
approach for the enhanced classification of patients
suffering from hepatitis and cirrhosis. Their study in IEEE
Access (2021) explored multiple classifiers integrated
through voting mechanisms, resulting in superior
performance metrics. The model achieved improved
generalization across diverse datasets, showcasing the
potential of ensemble strategies in clinical disease
prediction.

Tamilarasi et al., [3] conducted a predictive analysis for
hepatitis and cirrhosis liver diseases using various machine
learning algorithms, including SVM, KNN, and Decision

PAGE No: 818



Journal of Engineering and Technology Management 79 (2026)

Trees. The research emphasized the role of data
preprocessing and feature selection in improving accuracy.
Their findings revealed that Decision Tree-based
approaches provided the best interpretability for medical
professionals while maintaining high prediction accuracy.

Sawant and Ritti [4] presented an analytical study on liver
cirrhosis prediction using machine learning algorithms.
They compared models such as Logistic Regression, Naive
Bayes, and Random Forest on clinical datasets. The study
concluded that Random Forest achieved the highest
classification accuracy, and the integration of medical
domain knowledge further enhanced diagnostic precision.

Hanif and Khan [5] developed a machine learning-based
model for liver cirrhosis prediction using clinical and
biochemical attributes. The study evaluated several
supervised learning techniques, including SVM, ANN, and
Gradient Boosting. Results indicated that ANN
outperformed other models, highlighting its ability to
capture complex non-linear relationships in biomedical data.

Geetha and Maruthuperumal [6] proposed an ensemble-
based machine learning model for the prediction of liver
cirrhosis. The approach combined bagging and boosting
techniques to mitigate overfitting and improve robustness.
Their results showed that ensemble classifiers provided
reliable predictions, suggesting their suitability for large-
scale healthcare applications.

Naseem et al., [7] performed a comparative performance
assessment of classification algorithms for the -early
detection of liver syndromes. The study analyzed Logistic
Regression, Decision Tree, and Random Forest on medical
datasets. Their findings demonstrated that Random Forest
offered the highest Fl-score and accuracy, validating its
efficiency for medical data classification tasks.

Tokala et al., [8] explored various machine learning
algorithms for liver disease prediction and classification
using the IJACSA dataset. Techniques such as Naive Bayes,
SVM, and KNN were analyzed, with SVM showing the
most accurate classification results. The study emphasized
the effectiveness of ML in assisting clinicians with
automated diagnosis and reducing manual workload.

Spann et al., [9] conducted a comprehensive review on the
application of machine learning in liver disease and
transplantation. The study summarized advancements in
predictive modeling, risk stratification, and post-transplant
survival prediction using Al techniques. Their findings
indicated that deep learning and ensemble approaches are
transforming hepatology by improving early diagnosis and
treatment planning.

Rajput and Kaur [10] carried out a comparative study of
machine learning algorithms for liver disease diagnosis.

Their evaluation covered algorithms such as Random
Forest, Naive Bayes, and SVM, using patient health data
from public datasets. The research concluded that Random
Forest provided the best trade-off between accuracy and

interpretability,
prediction systems.

reinforcing  its

relevance

in clinical

Table 1: Summary of literature review
Sr. | First Work (Title) Outcome
No. | Author
(Year)
1 Nithyashri | Intelligent Improved
(2024) Classification of | accuracy using
Liver Diseases | ensemble
using Ensemble | models.
Machine Learning
Techniques
2 Sawant Analysis and | Tree-based
(2023) Prediction of Liver | models
Cirrhosis Using | performed
Machine Learning | better.
Algorithms
3 Tokala Liver Disease | Random Forest
(2023) Prediction and | achieved  best
Classification using | accuracy.
Machine Learning
Techniques
4 Tamilarasi | Predictive Analysis | Effective = ML-
(2022) for Hepatitis and | based
Cirrhosis Liver | prediction.
Disease using
Machine Learning
Algorithms
5 Hanif Liver Cirrhosis | Early cirrhosis
(2022) Prediction using | prediction.
Machine Learning
Approaches
6 Geetha Prediction of Liver | Higher accuracy
(2022) Cirrhosis using | with ensembles.
Ensemble Machine
Learning
Algorithms
7 Chicco An Ensemble | Enhanced
(2021) Learning Approach | classification
for Enhanced | performance.
Classification of
Patients With
Hepatitis and
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Cirrhosis
8 Naseem Performance Reliable early-
(2021) Assessment of | stage detection.
Classification
Algorithms on
Early Detection of
Liver Syndrome
9 Spann Applying Machine | Comprehensive
(2020) Learning in Liver | ML review.
Disease and
Transplantation: A
Comprehensive
Review
10 | Rajput A Comparative
(2019) Study of Machine
Learning
Algorithms for
Liver Disease
Diagnosis
VIII. RESEARCH GAP
The lack of research is as followings-

1. Limited and Imbalanced Datasets
Most existing studies rely on small, single-source,
or imbalanced datasets, which limits the
generalization capability of liver disease prediction
models across diverse populations.

2. Lack of Model Interpretability
High-performing machine learning and deep
learning models often function as black-box
systems, reducing clinical trust and hindering
adoption by healthcare professionals.

3. Insufficient Real-World Clinical Validation
Many proposed Al models are evaluated only on
offline datasets, with minimal validation in real-
time clinical environments or through longitudinal
patient studies.

4. Poor Integration with Clinical Workflows
Current research largely overlooks seamless
integration of Al-based prediction models with
hospital information systems and electronic health
records.

5. Limited Focus on Early-Stage Disease Detection

Most studies emphasize binary classification of
liver disease rather than accurate prediction of
early-stage or progressive liver conditions.

IX. CHALLENGES

Despite significant progress in Artificial Intelligence
(AI) and its successful applications in medical diagnostics,

several

challenges persist in the development and

deployment of Al-based liver disease prediction models.
These challenges affect model accuracy, interpretability,
scalability, and clinical adoption.

1.
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Data Quality and Availability: One of the
primary challenges in liver disease prediction is the
limited availability of high-quality and well-
annotated medical datasets. Many datasets contain
missing values, noise, or inconsistent labeling,
which  can  significantly  degrade  model
performance. Furthermore, medical data are often
imbalanced, with fewer positive cases of liver
diseases compared to healthy samples, leading to
biased model predictions.

Data Privacy and Ethical Concerns: Medical
datasets contain sensitive patient information that
must be protected under healthcare regulations
such as HIPAA and GDPR. Ensuring privacy-
preserving Al development while enabling data

sharing and collaboration among healthcare
institutions remains a complex challenge.
Federated learning and differential privacy

approaches are emerging solutions, but their
adoption is still limited.

Feature Selection and Dimensionality
Reduction: Liver disease datasets typically include
biochemical and  physiological
parameters. Identifying the most relevant features
that contribute to disease prediction is essential for
improving model interpretability and accuracy.
However, manual or suboptimal feature selection
can result in overfitting or loss of critical medical
information.

numerous

Model Interpretability and Explainability:
Many Al models, especially deep learning-based
systems, function as "black boxes," making it
difficult for clinicians to wunderstand how
predictions are generated. The lack of
explainability can hinder trust and acceptance
among medical professionals. Incorporating
explainable Al (XAI) techniques such as SHAP or
LIME is crucial to ensure transparency in decision-
making.

Imbalanced Data and Classification Bias: In
most medical datasets, healthy samples
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significantly outnumber diseased cases. This
imbalance can lead to biased models that achieve
high accuracy by predicting the majority class
more frequently. Techniques such as oversampling,
undersampling, or using cost-sensitive learning can
mitigate this issue, but they require careful
implementation.

6. Generalization Across Populations: Al models
trained on data from specific geographic regions,
ethnic groups, or healthcare systems may not
generalize well to other populations. Variations in
genetic, environmental, and lifestyle factors
influence liver disease patterns, necessitating
model retraining or adaptation for diverse
demographic data.

7. Integration with Clinical Workflow: Deploying
Al-based liver disease prediction systems into
hospital environments requires seamless
integration with existing electronic health record
(EHR) systems. Compatibility, data
interoperability, and user interface design are key
factors that determine whether clinicians can
effectively use these systems in real-time scenarios.

8. Lack of Standardization: There is no universally
accepted standard for evaluating Al-based medical
models for liver disease prediction. Different
studies use varied datasets, preprocessing methods,
and performance metrics, making it difficult to
compare results or establish benchmarks.

9. Computational Complexity and Resource
Requirements: Training complex Al models,
especially deep neural networks, requires
substantial computational resources and time.
Limited access to high-performance computing
infrastructure can restrict model experimentation,
particularly in healthcare
environments.

low-resource

X. CONCLUSION

This review comprehensively examined recent
studies on liver disease prediction using Artificial
Intelligence techniques, highlighting the growing
adoption of machine learning and deep learning
models in clinical decision support. The surveyed
literature consistently indicates that ensemble learning
methods and neural network—based models achieve
superior  predictive  performance compared to

traditional statistical approaches, particularly in
handling nonlinear and high-dimensional clinical data.
Commonly used biochemical and demographic
features have shown strong relevance in liver disease
classification, confirming the feasibility of data-driven
diagnostic frameworks.

Despite these advancements, several critical
research gaps remain. Most existing studies rely on
limited or imbalanced datasets, which restrict model
generalization across diverse populations.
Additionally, the lack of model interpretability poses
challenges for clinical acceptance, as many high-
performing models operate as black-box systems.
Real-time clinical deployment and integration with
hospital information systems are also insufficiently
addressed in current research.

Future research should focus on developing
explainable and trustworthy Al models that balance
accuracy with transparency. The use of large-scale,
multi-center datasets, hybrid models combining
clinical knowledge with data-driven learning, and
continuous learning frameworks can further enhance
robustness. Moreover, integrating Al-based liver
disease prediction systems into real-world healthcare
environments and validating them through clinical
trials will be essential for practical adoption. Overall,
Al-driven liver disease prediction holds significant
promise, but its long-term impact depends on
addressing data limitations, interpretability, and
clinical integration to ensure safe, reliable, and
scalable healthcare solutions.
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