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. . Liver cirrhosis, a critical health condition marked by irreversible scarring of the
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liver, contributes significantly to global morbidity and mortality. Traditional
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diagnostic methods are invasive, costly, and often detect the disease at advanced

stages. This study presents the design and implementation of a non-invasive,

web-based liver cirrhosis detection system employing Convolutional Neural

Networks (CNNs). The system aims to support early diagnosis and prognosis

Publication Issue using medical imaging and machine learning. The implemented system
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demonstrates high accuracy in classifying cirrhotic conditions and offers a
scalable solution for under-resourced medical facilities
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Introduction Various machine learning models have been
Liver cirrhosis is the terminal phase of chronic liver developed to aid in the early diagnosis and

disease, leading to compromised liver function and
increased risk of liver failure. Its early detection is
crucial but challenging, particularly in low-resource
settings where medical instrumentation is limited.
Traditional diagnostics, such as liver biopsy and
imaging techniques like CT, MRI, and ultrasound,
although effective, are expensive and inaccessible to
many.[1]

Machine learning has emerged as a promising tool for
the detection and classification of liver cirrhosis, a

condition characterized by progressive liver scarring.

management of this disease, leveraging clinical and
laboratory data to predict cirrhosis stages and identify
individuals at risk. These models utilize a range of
algorithms, including both ensemble and non-
ensemble methods, to enhance prediction accuracy
and facilitate early intervention. The diagnosis of
early-stage liver cirrhosis using conventional methods
presents a risk of misdiagnosis in patients who do not
present normal symptoms which in turn worsens the
risk of liver disease and ultimately liver failure.

Therefore, the creation of a detection system is
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imperative. Research from The National Library of
Medicine and Science Direct underscores the growing
global impact of liver diseases. Currently the 11t
leading cause of death worldwide, liver diseases,
particularly cirrhosis, continue to rise [4]. In Africa,
liver diseases rank as the 10™ leading cause of death
due to factors like chronic alcohol consumption and
hepatitis B and C [10][16]. Liver cirrhosis alone claims
over two million lives annually, with a significant
increase observed since 1990 [11]. To address this
issue, this study aims to develop a liver cirrhosis
detection web-based system for medical institutions
lacking adequate medical instrumentation, serving
areas with a high prevalence of undiagnosed
individuals at risk.
The aim of this project is to design and implement a
web-based liver cirrhosis detection system using
Convolutional Neural Network (CNN) model.
The specific objectives of these research are to:
i. Implement a machine learning(CNN model)
based detection system to identify liver cirrhosis
ii. Develop a liver disease classification model
iii. Implement  prognosis  predictions  using
identifiable qualities
iv. Implement of a simple, explanatory user interface
to explain the results of the predictions.
To address this, we propose a web-based liver
cirrhosis detection system powered by CNNs. The
system processes medical images to detect early signs
of cirrhosis, providing rapid and accurate diagnostics
through a user-friendly interface, and is deployable
across devices with a web browser
Another researcher presents a machine learning-
based framework for the prediction and classification
of liver cirrhosis using routinely available laboratory
test data [12]. The study addresses the clinical
challenge of early cirrhosis detection without relying
on invasive procedures like biopsies. Instead, it
leverages widely accessible metrics such as SGPT,
SGOT, ALB, bilirubin levels, and platelet count to

stratify patients into three cirrhosis stages: FO-F1

(normal), F2 whileF3-F4

(severe/complete cirrhosis)

(moderate  fibrosis)
[12] applies and compares several machine learning
classifiers such as support Vector Machines (SVM),
Artificial (ANN), K-Nearest
Neighbor (KNN), Naive Bayes, and Gradient Boosting

Neural Networks
on a dataset of 730 Egyptian liver patients.

Gradient Boosting outperformed all other models
with an accuracy of 86% (training) and 100% (testing).
Artificial Neural Networks achieved 83.4% training
accuracy and 99.2% testing accuracy.

Naive Bayes and SVM yielded lower testing accuracies
at 53.6% and 89.6% respectively.

[7] Investigate the application of deep learning the
goal of this research is to Improve cirrhosis detection
accuracy through deep learning and feature
engineering specifically using Convolutional Neural
Networks (CNNs) for non-invasive detection of liver
cirrhosis using a publicly available clinical dataset.
This dataset comprises 418 patient records with 20
clinical features sourced from Kaggle. The study
benchmarks CNN performance against traditional
machine learning models, including Support Vector
(SVM), Trees, K-Nearest
Neighbors (KNN), Gaussian Naive Bayes (GNB), and

Gradient Boosting (GBoost)

Machines Decision

[7] built a custom CNN architecture which was
developed and trained. Its performance was compared
to baseline ML classifiers using standard evaluation
metrics such as accuracy, precision, recall, and F1-
score.

Result of this investigation shows that CNN model
outperformed all baseline models, achieving 84%
accuracy, with strong precision, recall, and F1 metrics.
However Traditional models performed notably lower,
underscoring the CNN's ability to automatically
detect complex, non-linear feature interactions.[7]

[3] present a machine learning-based predictive
system aimed at detecting liver cirrhosis early using
clinical data. The work was presented at the 8th
Conference on

International Computing,

Communication, Control and Automation (ICCUBEA)
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and represents a continued effort in transitioning
from invasive diagnostic methods to data-driven, non-
invasive prediction models.

[3] Utilizes a clinical dataset of liver disease cases,
sourced from standard hospital records, as part of data
pre-processing methods, the harvested clinical dataset
was cleaned, normalized, and the missing values
where handled appropriately, ensuring high-quality
input for model training, the researchers explored
several machine learning classifiers which includes
Support Vector Machines (SVM), Decision Trees, and
Random Forests, with the random Forest emerging as
the highest-performing model among the tested
97%

confirming its robustness in medical prediction tasks

algorithms, whose accuracy is accuracy,

METHODS AND MATERIAL

A. Data Acquisition and Preprocessing

The dataset used to train the liver cirrhosis detection
model was gotten from an open-source website for
computer vision datasets called Roboflow. This
dataset was published by Abhishek Dada. The dataset
comprised of 3976 images total; 2776 images in the
training dataset and 1200 images in validation dataset.
There were no augmentations performed in the
dataset originally.

The dataset used to train the random forest classifier
was created to predict the survival state of patients
with liver cirrhosis, focusing on 17 clinical features.
These features help classify patients into three
survival states: death, censored, or censored due to
liver transplantation. The data originates from a Mayo
Clinic study conducted from 1974 to 1984 on primary
biliary cirrhosis (PBC), a condition resulting from
prolonged liver damage. The dataset represents
in a randomized
the drug D-

penicillamine, as well as those who did not join the

individuals who participated

placebo-controlled trial testing
trial but agreed to record basic metrics and undergo
survival tracking. The dataset was funded by the
Mayo Clinic. Data augmentations included dropping

rows with missing values in the drug column,

imputing missing values with the mean, and one-hot
encoding categorical attributeson primary biliary
cirrhosis (PBC), a condition resulting from prolonged
liver damage.

B. System Architecture

A CNN model architecture was constructed using
layers of deep convolutional Network, pooling,
dropout, and dense operations. The architecture was
optimized for high classification accuracy and
efficient computation. Training used standard back
propagation with categorical cross-entropy loss and

Adam optimizer.

Deep neural network

Input layer Multiple hidden layer Output layer

& ~ > e

Figure 1: Deep Neural Network Architecture.

Server-Side Architecture.

The server-side architecture is responsible for data
processing, model inference, and handling client
requests. Python, is utilized for backend development.
PyTorch, a deep learning framework, is integrated
into the server-side logic to deploy the convolutional
neural network (CNN) model for liver cirrhosis
detection. This model is trained using PyTorch,
leveraging its flexibility and efficiency in building
machine learning models.

Communication Protocols:

Communication between the client and server
components is facilitated through HTTP(S) protocols,

ensuring secure transmission of medical imaging data.
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Figure 2: Client-Server Architecture

C. Web Deployment.

The model was deployed using the Streamlit library in
Python, enabling real-time interaction via a browser.
The system provides options for image upload,
prediction estimation, and

output, Pprognosis

explanatory visualization.

RESULTS AND DISCUSSION
Result

The web-based liver cirrhosis detection system has a
significant impact on diagnostics, particularly in the
field of liver disease. The system makes us of
technologies such as Python, PyTorch, and Streamlit,
the system offers several key benefits that enhance
the diagnostic process. Some of the benefits includes
The system provides a fast and efficient means of
diagnosing cirrhosis disease. With the ability to
analyze images in real-time, medical professionals can
quickly assess whether a patient's liver is indicative of
cirrhosis, allowing for prompt treatment and
management.

Secondly, the system improves the accuracy of
diagnoses. The PyTorch model used in the system is
trained on a large dataset of liver images, enabling it
to recognize patterns and features indicative of
cirrhosis with accuracy of around 84 percent. This
reduces the likelihood of misdiagnosis and ensures
that patients receive the appropriate care.
Additionally, the system enhances the accessibility of
diagnostic tools. By providing user-friendly interface,
the system can be easily used by medical professionals
with varying levels of expertise. This helps to
democratize advanced

access  to diagnostic

technologies, particularly in regions where access to
healthcare resources may be limited.
Overall,

system has a transformative impact on diagnostics,

the web-based liver cirrhosis detection

offering a fast, accurate, and accessible tool for the

diagnosis and classification of cirrhosis disease.

Discussion.

The trained CNN model achieved high accuracy and
recall on test datasets, indicating robust performance
in classifying cirrhotic versus non-cirrhotic cases.
AUC values exceeded 0.90, showing the model's
reliability. Prognosis prediction further enriched the
decision support capabilities.

The system demonstrated usability across devices,
ensuring accessibility in rural or under-resourced
settings. Compared to traditional methods, it reduces

diagnostic delay and supports early intervention.

— train accuracy
— validataion accuracy

£

0 5 10 15 20 25 30
Epochs

Figure 3. A Convolutional Neural Network

Classifier’s Training and Validation Accuracy

CONCLUSION

In conclusion, the web-based liver cirrhosis detection
system represents a significant advancement in
medical technology. By integrating machine learning
algorithms and web technologies, the system provides
a valuable tool for medical professionals to improve
the accuracy and efficiency of liver cirrhosis diagnosis.
The system's user-friendly interface and automated
analysis process make it a valuable asset in the field of

liver disease diagnosis.
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