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ABSTRACT

Medicine has undergone substantial changes because of big data analytics combined with deep learning
technologies which enable doctors to predict diseases better while monitoring patients and diagnosing
conditions as well as delivering better treatments. Liver disease stands as a worldwide significant health
challenge attributed to its multiple complicated aspects and elevated death rates as well as its multiple
pathologic expressions. A combination of wrong medical diagnosis and insufficient medical care decreases
survival expectancy dramatically. Detecting liver disease presents a difficult issue because some damaged
liver areas can look unblemished due to minimal lesion distribution which causes experts to make incorrect
classifications. The assessment of liver conditions with precision at an early stage proves essential for
shrinking treatment deficiencies along with enhanced medical results. The progress of deep learning and
medical imaging allowed researchers to develop new detection procedures for liver disease analysis. The
presented research develops a novel approach to liver disease recognition that adopts YOLO (You Only
Look Once) as its feature extractor and pairs this with Random Forest (RF) and XGBoost classifiers for
superior classification accuracy. The proposed diagnostic methodology reached a 95% accuracy level
which proved superior to Support Vector Machine (SVM) and Logistic Regression and yielded optimal
diagnosis and classification results.

Keywords: Liver Disease, YOLO,RF, XGBoost, Logistic Regression, SVM.

1. INTRODUCTION increases both in sickness rates and death counts
globally. Variations of liver disease include

Liver disease exists as an essential worldwide hepatitis and cirrhosis and hepatocellular carcinoma
healthcare matter since it causes substantial thus physicians need precise and early diagnosis
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methods to enhance disease treatment. The current
diagnostic procedures featuring biopsies and blood
tests combine high invasiveness with extended time
requirements and spot uncertain outcomes for early-
stage detection. The medical field has benefitted
from CT scan technology advancement because this
technology acts as a vital diagnostic instrument for
determining liver diseases. The manual evaluation
process of CT images exhibits both subjective
interpretation and human mistakes that result in
possible incorrect diagnoses. The rise in need for
effective computer-aided diagnostic systems with
deep learning capabilities emerges to enhance the
detection of liver diseases through increased
reliability and precision. Medical image analysis
received a significant advancement through deep
learning by providing three essential capabilities to
extract features and segment images along with
classification tasks[1]. The object detection
frameworks specifically YOLO (You Only Look
Once) has gained notability due to its rapid
operating speed and precise detection abilities in
medical imaging analysis. Real-time capability in
YOLO enables immediate liver lesion identification
which brings about faster diagnosis and better
accuracies. The main hurdle in detecting anomalies
lies with appropriate classification of these
anomalies. An ensemble approach combining
Random Forest with XGBoost (Extreme Gradient
Boosting) serves as the proposed solution to handle
this issue. The robustness of these classifiers allows
them to process complex high-dimensional medical
image data thus making them optimal for medical
image classification. The integration of YOLO with
RF and XGBoost creates a comprehensive pipeline
for liver disease detection. YOLO efficiently
segments and detects regions of interest in CT
scans, while RF and XGBoost classify the detected
abnormalities based on extracted features. This
approach enhances diagnostic accuracy and
minimizes false positives and negatives, ensuring
more reliable disease classification. Compared to
traditional machine learning models such as
Support Vector Machines (SVM) and Logistic
Regression, the proposed framework demonstrates
superior performance in terms of precision, recall,
and overall classification  accuracy.  The
combination of deep learning with ensemble
classifiers leverages the strengths of each technique,
ensuring a more accurate and efficient diagnostic
system. YOLO, working together with RF and

XGBoost, established an  all-encompassing
procedure to identify liver diseases. YOLO tracks
and detects specific regions in CT scans[2] through
its segmentation process while RF and XGBoost
identify the detected abnormalities by interpreting
extracted feature data. Disease classification
becomes more reliable through this approach since
it improves both accuracy and reduces occurrences
of incorrect positive or negative results. The
proposed framework delivers better results than
standard SVM and Logistic Regression machine
learning models regarding precision and recall and
total classification accuracy performance. An
ensemble of deep learning and classifiers generates
a reliable and efficient diagnostic system because it
amalgamates the best features of both methods. The
research develops an improved deep learning
approach which detects liver diseases using CT
scan pictures. Implementation of YOLO for real-
time lesion detection forms one of the prime
objectives with another objective focusing on
integrating RF and XGBoost for classification
followed by performance assessment of the
proposed model versus conventional classification
techniques. The experimental results demonstrate
how the newly proposed method attains a diagnosis
accuracy of 95% which demonstrates stronger
performance than standard diagnostic techniques
thus establishing its usefulness in liver disease
detection. Deep learning methods show promise as
a revolutionary force for medical diagnostics
because they deliver automated precise and efficient
detection solutions for liver diseases. The research
introduces a breakthrough diagnostic method that
improves liver disease[3] diagnosis accuracy
through the combination of segmentation by YOLO
with classification using RF with XGBoost.
Through its framework the proposed system assists
medical staff to make better decisions that enhance
both patient care results and medical imaging
diagnostic development. The impacted area of the
Liver is shown in Figure 1, and the design of the
suggested classifier is shown in Figure 2.

Figure 1: Shows the Tumour in the Liver
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Figure 2: Shows the Architecture of the Proposed Classifier

2. LITERATURE SURVEY

Liver disease represents a substantial worldwide
health concern because it leads to substantial
sickness rates and death numbers. The early
diagnosis of liver cancer together with cirrhosis and
fatty liver disease requires accurate detection
methods for establishing appropriate treatments
promptly. The diagnostic techniques including
blood tests and ultrasound and biopsy currently
display performance limitations in terms of
sensitivity along with specificity parameters.
Automated diagnostic methods using medical
imaging technology particularly CT scans have
become essential liver disease diagnosis tools
because of deep learning and Al advancements. The
assessment explores contemporary developments in
deep learning-based liver disease detection through
YOLO and Random Forest (RF) and XGBoost
classification with segmentation procedures.

Zhang et al. (2019) introduced a CNN-SVM hybrid
approach for liver tumor analysis, using U-Net for
precise lesion segmentation. Their method achieved
88% classification accuracy on the LiTS dataset,
demonstrating that integrating CNN feature
extraction with SVM improved tumor identification
performance.[4]

Kumar et al. (2020) proposed a Deep CNN
combined with Random Forest for liver disease
detection. Using an Active Contour Model for
segmentation on private hospital data, the hybrid
classifier improved accuracy by 6% compared to a
standalone CNN, highlighting the benefit of

integrating deep and traditional machine learning
methods.[8]

Wang et al. (2021) utilized YOLOv3 with a CNN
classifier to enhance real-time liver lesion
detection. With DeepLabV3+ for segmentation and
evaluation on LiTS and additional public datasets,
the system achieved 92% precision, demonstrating
YOLO’s strength in fast and accurate lesion
localization.[16]

Patel and Sharma (2021) employed ResNet-50
features with an XGBoost classifier and used Mask
R-CNN for segmentation. Tested on the NIH
Clinical Database, their method achieved 94.5%
accuracy, outperforming conventional machine
learning models and showcasing the efficiency of
deep feature extraction combined with gradient
boosting.[21]

Lee et al. (2022) developed a volumetric
segmentation and prediction framework using 3D
U-Net combined with LSTM networks. Applied to
private liver CT datasets, the method effectively
captured temporal progression patterns, improving
accuracy in forecasting disease development and
structural changes.[22]

Ahmed et al. (2023) introduced a hybrid YOLOvVS
+ RF + XGBoost model for liver tumor
classification. YOLOVS enabled accurate lesion
detection, while RF and XGBoost improved
prediction robustness. Using LiTS and specialized
liver tumor datasets, the model achieved 95%
classification accuracy, surpassing conventional
CNN-based systems.[23]
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Smith et al. (2024) implemented a Transformer-
based deep learning approach using the Swin-Unet
architecture for segmentation and a hybrid
transformer classifier for disease identification.
Tested on public liver CT scans, the system
achieved 96% accuracy, illustrating the power of
attention mechanisms in medical imaging.[24]

Gowda and Yashaswini (2025) proposed enhanced
CNN and U-Net/ResUNet variants for advanced
liver tumor segmentation and detection. Evaluated
on LiTS and 3DIRCADDb datasets, their refined
architectures improved segmentation precision and
overall classification accuracy, outperforming
earlier U-Net models.[25]

Sattari et al. (2025) conducted a comparative
analysis between U-Net and Detectron2 for liver
margin segmentation using multi-center CT
datasets. The study revealed that Detectron2
provided superior boundary definition while U-Net
maintained stability, emphasizing the importance of
architecture choice in clinical segmentation
tasks.[26]

Brunese et al. (2025) focused on developing
explainable deep learning frameworks for liver
segmentation, combining U-Net variants with
interpretability modules. Using MRI and CT
collections, the study highlighted the importance of
transparency and explainability in clinical decision-
making while maintaining high segmentation
accuracy.[27]

Song et al. (2024) proposed a vessel-aware 3D V-
Net and 3D FCN architecture to improve
simultaneous tumor and vessel segmentation.
Evaluated on the LiTS dataset, the method achieved
higher Dice scores by accurately distinguishing
vascular and tumorous structures, addressing a
critical challenge in liver imaging.[28]

Grover (2024) presented a comprehensive
systematic review covering U-Net, attention U-Net,
transformer hybrids, and radiomics-based models
for liver diagnosis. Using multiple public datasets,
the review summarized technological progress from
2016 to 2024 and highlighted limitations related to
generalizability and explainability.[29]

Tharmaseelan et al. (2023) developed a radiomics—
deep learning fused pipeline for analyzing liver
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metastases. The method combined segmentation-
based radiomics with deep classifiers and was
evaluated on clinical CT scans, demonstrating
strong capability to differentiate origins of liver
metastases using multi-feature fusion.[30]

Bilic et al. (2023) released an updated benchmark
description for the LiTS dataset, reaffirming its use
as the primary evaluation platform for liver
segmentation and classification research. Their
work emphasized LiTS’s role in enabling fair
comparison across diverse deep learning
architectures.[31]

OI Alirr et al. (2024) designed a dual-attention U-
Net that integrates attention modules into skip
connections to improve tumor boundary detection.
Applied to the LiTS dataset, the model reported a
Dice score of approximately 0.81, confirming the
effectiveness of attention-enhanced segmentation
networks.[32]

3. PROBLEM DEFINITION

Health professionals identify liver disease as a
major worldwide healthcare concern because liver
cancer along with cirrhosis and fatty liver disease
causes high numbers of deaths and hospitalizations
worldwide. The detection of liver diseases requires
precise and timely diagnosis, but medical experts
use traditional manual CT examinations which take
extended time and show inconsistent results
because they depend on human interpretation. The
segmentation operation of existing machine
learning systems faces difficulties because liver
lesions present various complex textures and shape
aspects. The proposed research performs optimized
deep learning detection and segmentation of liver
lesions using YOLO and Random Forest as well as
XGBoost[5] classifiers to boost classification
precision. The new model combines segmentation
improvements for real-time detection along with
maximum possible classification results. The
proposed research combines deep learning and
ensemble learning approaches to deliver rapid
diagnosis and trustworthy liver disease detection
which helps medical professionals identify early
indicators for better therapeutic results. The various
stages/Phases of the Liver detection process are
illustrated in Figure 3. The proposed classifier for
detecting Liver Cancer is divided into four key
phases:
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Figure. 3: Show’s Phases of the Proposed Classifier

Phase I - Data Preparation and Preprocessing:
During this phase, the dataset is cleaned and
augmented, making it suitable for training.

2. Phase II - Disease Detection: Feature Selection/
Extraction.

3. Phase-III: Classification.
4. Phase-IV: Predication
4. MATERIALS AND METHODS

This section describes the methods and algorithms
used to classify liver MRI images through deep
learning. A controlled experiment was conducted to
validate the methodology, with model performance
assessed using metrics such as accuracy, precision,
recall, and Fl-score[6]. All experiments were
implemented using Python tools and libraries [7,8].

The proposed approach involves four primary
stages:

4.1 Dataset Acquisition and Preprocessing:

4.1.1: Dataset Collection:

CT scan images of the liver comprise the dataset
which obtains data from public repositories like the
Liver Tumor Segmentation (LiTS) dataset together
with clinic hospital data accessible through ethical
permission. Moderators who are radiologists have
marked both normal liver imagery as well as
imagery which shows diseased tissues.

4.2 Image Preprocessing:

1. The images received uniform 512x512 pixels
size treatment for consistent measurement.

2. The pixel intensity values received normalization
from [0,1] to boost training performance.

3.Model generalization improved through various
data augmentation methods which included rotation
along with flipping and contrast enhancement and
noise addition.

4. Image quality and local contrast enhancement
occur through implementation of Contrast Limited
Adaptive Histogram Equalization (CLAHE) for
processing.

4.3 Segmentation using YOLO:

4.3.1 YOLO Model Selection:

The YOLO (You Only Look Once) model served
liver segmentation purposes because of its fast
operation and high accuracy nature. YOLOVS uses
transfer learning i.e., weights from COCO to
perform its initialization.

4.3.2 Training Process:
1. During segmentation the model employed Binary
cross-entropy loss function.

2. The Bayesian optimization method was used for
parameter optimization which included learning
rate and batch size and the number of epochs.
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3. Various Metrics Chosen for Evaluation Included
Precision, recall, F1l-score along with Intersection
over Union (IoU) to measure Segmentation
Accuracy.

4.4. Feature Extraction & Selection:

4.4.1 Feature Extraction:

In this paper we took three distinct image analysis
groups through the process of extracting Texture
features and Shape descriptors and Deep features.
Gray-Level Co-occurrence Matrix (GLCM)[9]
together with Local Binary Patterns (LBP)
evaluated texture features by identifying how pixels
relate in intensity clusters and how local surface
conditions vary. The shape of objects received
characterization through the quantitative analysis of
area size and perimeter length along with circularity
shape data. The YOLOvVS5 model produced deep
features that could be acquired from its
intermediate layers to provide extensive high-
dimensional patterns which contained specific
object characteristics. Various features from the
different sets enable better pattern detection that
improves recognition and classification
performance.

4.4.2 Feature Selection:

Recursive Feature Elimination (RFE)[10] served as
the feature selection method to identify the most
important features which optimized model
performance through reduction of unnecessary data.
RFE executes a repetitive process that starts with
removing the minimal essential features then
retesting the model until it reaches its best subset.
The systematic feature importance ranking through
RFE establishes better model interpretability and

improves both generalization and reduces
overfitting. The system achieves predictive
accuracy preservation while lowering

computational complexity through this method that
works best for datasets with many dimensions. The
approach enables the selection of most informative
attributes which results in efficient robust
performance from the final model.

4.5. Classification Using RF and XGBoost

4.5.1 Random Forest (RF) Classifier:

The Random Forest model serves to identify liver
images belonging to normal tissue and benign and
malignant types. This decision forest approach
made from numerous decision trees boosts
classification results through lower chances of
misclassification and better ability to generalize.
The performance optimization involved conducting
hyperparameter tuning where essential parameters

including maximum depth and number of trees
received adjustments. The optimized model settings
produced an acceptable trade-off between
complexity level and accurate measurements
without creating overfitting problems because they
captured important data patterns. The optimized
Random Forest classification method creates a
dependable tool for liver disease recognition which
helps medical image evaluation and diagnostic
procedures.

4.5.2 XGBoost Classifier:

XGBoost served as the classification tool that
employed gradient boosting for efficient and solid
ensemble learning. The performance of the model
required  hyperparameter  optimization  for
enhancement. The learning rate found its optimal
value by employing grid search while maintaining
good accuracy and fast convergence. Controlled
number of estimators was tuned for optimal
predictive functions while maintaining underfitting
resistance. Model complexity received regulation
with L1 and L2[11] regularization approaches
which helped prevent overfitting to improve the
generalization performance. The optimization
techniques enabled XGBoost to deliver an effective
classification model that provided both excellent
robustness and accuracy in category differentiation
alongside efficient training operations.

4.5.3. Performance Evaluation:

Different evaluation metrics were applied to testing
segmentation and classification models in order to
guarantee precision as well as reliable performance.
Models with classification abilities allowed us to
calculate accuracy together with precision and
recall and Fl-score for measuring prediction
outcomes and specific class results. A confusion
matrix  detection technique analyzed the
misclassifications whereas the AUC-ROC curve
evaluated model discrimination abilities between
classes. The Intersection over Union (IoU) along
with Dice Coefficient measurements were used to
evaluate segmentation model performance because
they precisely evaluated predicted mask boundaries
against ground truth outputs. Multiple thorough
evaluation metrics served to improve model
robustness as they led to better performance
optimization. Figure 4 shows Pre-processed
image[12].
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Figure 4: Shows Pre-processed image

4.6 Why YOLO?

The medical imaging task detection abilities of
YOLO make it an great selection for liver disease
screening through its rapid execution combined
with precise identification and operational
effectiveness. Conventional image processing needs
three sequential operations that start with
segmentation followed by feature extraction and
ending with classification. Due to its single-pass
detection system the YOLO model can identify and
classify medical abnormalities including tumors
and lesions directly. A single end-to-end detection
process shortens computational operations which
makes the system appropriate for real-time
diagnosis requirements in healthcare settings. Due
to its exceptional architecture YOLO performs
effective global and local feature analysis of images
to achieve accurate detection of liver abnormalities
regardless of complex backgrounds and noisy data.
YOLO's capability to detect objects of different
scales is fundamental for liver disease diagnosis
since liver lesions exhibit a wide range of tumor
sizes from tiny nodules to substantial masses.
YOLO delivers reliable performing detection of
various liver abnormalities through its efficient
handling of objects of different sizes. Transfer
learning enables YOLO to remain flexible because
of its adaptability capabilities. A pretrained system
becomes ready to handle liver disease datasets
using fine-tuning which leads to effective results
with reduced training demands on labeled data.
Through its specialized capabilities YOLO serves
as an efficient and quick detection system for liver
diseases which strengthens medical choices based
on accurate and timely evaluation. The flow model
of Proposed Classifier is shown in Figure 5.

Data mage : Pre-processing,
Augmentation :
Colletion | Dataset [ 4 Segmentation,
Fusion
Tumour
\ o Training and Feature
/ Chssfeaon #— | Ty Extaction
N Deep Learning Model
Tumour

Figure 5: Shows Phases of Proposed Classifier

5. METHODOLOGY

The proposed method adopts data from two distinct
repositories to categorize liver disease conditions as
the researchers did it for Liver tumor assessments
through MRI machines[13]. The system blends
feature extraction with YOLO (You Only Look
Once) and utilizes Random Forest (RF) together
with XGBoost as dual powerful classifiers for

maximizing classification ~ precision. The
classification process has three fundamental
sections including preprocessing after which

follows feature extraction and then classification.
The entire framework design becomes visible
through Figure 6. Before analysis the YOLO model
requires liver ultrasound or CT scan images to be
resized according to its input size protocol for
maintaining consistent feature extraction outcomes.
The real-time object detection model YOLO
operates on images of size 416 x 416 x 3 to derive
features that support liver tissue disease
classification. The training process of pre-trained
models using large-scale datasets leads to better
accuracy but they can develop overfitting when
used on smaller datasets. The use of data
augmentation together with dropout layers allows
the implementation of generalization improvements
along with overfitting prevention. columnar
classification divisions in the pre-trained YOLO
model stay untouched but the concluding stages get
modified for liver disease identification categories.
Multiple image enhancement methods operate on
the training database to produce a wider variety of
data points through flipping distortions and contrast
manipulation. The proposed image augmentation
techniques produce examples of liver disease
images as shown in Figure 7. The datasets become
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more focused because Figures 8 and 9 present
visual comparisons between healthy liver scans and
those that contain disease signs. The preprocessing
methods elevate important image characteristics
which then become ready for subsequent
examination according to Figures 10 and 11. The
training dataset distribution of diseased and non-
diseased cases becomes visible through Figure 12
to provide balanced insight into both categories.
The illustration of Figure 13 shows the complete
liver disease classification framework by outlining
every component in the proposed framework. The
combined implementation of preprocessing along
with YOLO model extraction for features and RF
and XGBoost classification yields an effective
automated liver disease detection system. The
proposed diagnostic system reaches advanced
diagnostic performance through these implemented

techniques which assist medical professionals to
identify liver abnormalities more precisely from
imaging data. Figure 6 shows after the image the
output generated after preprocessing stage. Figure 7
shows the predicting/ detecting Live Tumor of the
Proposed Classifier.
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Figure 6: Shows O/P of Preprocessed Image
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Figure 7: Shows Predicting/ Detecting Live Tt umor of the Proposed Classifier

5.1 Algorithm for Predicting and Detecting of

Liver Cancer/ Tumor of the Proposed
Classifier.(4-Phases)

5.1.1 Data Set:

Machine learning algorithms fail to execute

efficiently with imbalanced datasets because they
develop class-based prejudices towards the most
abundant category. This research study showed a
strong majority distribution of liver disease patients
compared to those without liver disease. The study
began with 30,691 patient records, yet 21,917
diagnoses of liver disease exceeded 8,779 cases of

healthy patients. Inaccurate predictions could
emerge since the model shows preference for the
majority class when dealing with imbalanced data.
We implemented the Synthetic Minority Over-
sampling Technique (SMOTE) to handle the data
imbalance because it improves classification
outcomes. The Synthetic Minority Over-Sampling
Technique produces synthetic samples to balance
minority class data by creating new points between
existing data points. The model tends to favor liver
disease cases less through this technique which
leads to more accurate and reliable predictions
along with better generalization capabilities. Our
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dataset balancing method concerning the target
variable enhanced the model to properly allocate
both diseased and non-diseased cases which
increased general diagnostic quality.

5.1.2 Phase-1: Preprocessing of Data

Data preparation along with preprocessing takes
place during the initial stage of the liver disease
classification framework. A data preprocessing
process follows which cleans the input data and
normalizes and augments it to boost model
effectiveness. The medical imaging datasets
consisting of liver ultrasound and CT scan images
usually contain excess noise together with artifacts
and inconsistent intensity levels. So, to preprocess
the data SMOTE is used to maintain balance in the
dataset which is taken in this paper. The
standardization of images for medical analysis
requires three preprocessing methods which include
contrast enhancement together with noise removal
alongside normalization. All elements in the dataset
receive resizing treatment to achieve compatibility
with  YOLO model specifications for safe
processing of all samples. To train deep learning
models better data requires sufficient real-world
data samples so researchers use data augmentation
methods that implement rotation along with
flipping and brightness changes along with
zooming operations to expand their training sample
database. The applied methods prevent model
overfitting and enhance its capacity to identify new
cases accurately. Data preprocessing generates
three subsets from the dataset for training and
validating and testing along with disease and non-
disease balanced distributions. Figure 8 shows data
preprocessing stage before and after applying
SMOTE[14].
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21917
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13050 disease

13000

11000 8774
9000
7000
5000
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No liver
disease

Figure 8: Shows data preprocessing stage before
and after applying SMOTE.

5.1.3 Phase-II: Disease Detection:
Selection/Extraction /Segmentation

Feature

The second phase of liver disease classification
centers on finding essential features which separate
healthy liver tissue from diseased tissue. The
classification accuracy in medical imaging depends
on feature selection and extraction because these

methods identify the most important patterns within
images. The deep learning object detection model
YOLO (You Only Look Once) operates in this
framework for obtaining efficient features. YOLO
exploits its convolutional layers to scan liver
ultrasound or CT images which locate spatial and
contextual indicators that point to abnormalities
like lesions or fibrosis or cirrhosis. Dimensionality
reduction methods refine the extracted features to
eliminate unimportant or redundant data which
makes the essential features relevant to medical
diagnosis classification processes. The model
efficiency and computational simplicity increase
thanks to this step which makes it appropriate for
real-time medical diagnosis applications[15]. So, in
Figure 9 the effect of segmentation using YOLO is

shown.
1I4

(A) Sample Images (B) Ground Truth

(C) Liver Segmentation

Figure 9: Shows Effect of Segmented Images using
YOLO.

5.1.3 Phase-III-Classification

Once the features are extracted, the next step is
classification, since machine learning models
identify if an examined liver image matches
diseased or non-diseased categories. RF and
XGBoost classifiers achieve classification in this
framework because of their ability to work with
complex datasets alongside robustness. RF
implements ensemble learning which constructs
numerous decision trees for high accuracy and
overfitting prevention. The predictive performance
of weak learners gets improved through successive
iterations in XGBoost algorithms. These classifiers
implement ensemble learning which constructs
numerous decision trees for high accuracy and
overfitting prevention. The predictive performance
of weak learners gets improved through successive
iterations in XGBoost algorithms. These classifiers
when combined provide precise and dependable
and stable classifications. Figure 10 shows after
classifying using Proposed Classifier it is predicted
whether the liver is Malignant Liver or Benign
Liver (2-Class Problem)
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Malignant Liver

Benign Liver

Figure 10: Shows Classification of image Malignant or
Benign

5.1.4 Phase-IV- Prediction Algorithm of Liver
Disease: The trained model analyzes new input
images to determine liver disease conditions during
its final operation. The system uses liver scans to
enter unseen data which undergoes processing
through its built-in YOLO feature extractor
followed by evaluations from both RF and
XGBoost  classifiers to  establish  disease
classification. The classification accuracy is
expressed through probability scores that represent
the confidence level of each decision. Diagnosis
confirmation requires further medical evaluation
after the model indicates the presence of a diseased
liver. The system gives medical professionals
detailed information about the recognized features
which helps them understand the results better. The
phase uses automated prediction techniques to
accurately detect liver disease with efficiency
which enables doctors to make early diagnoses that
improve patient results i.e, accuracy of the
proposed classifier is predicted in this stage.

5.2 Performance Analysis: To evaluate the
performance of any framework, several key metrics
are used, including Accuracy, Precision, Recall,
Specificity, F1 Score, and AUC (Area Under the
Curve) [17]. These metrics rely on the confusion
matrix, which is illustrated in Figure 11 for a two-
class problem.

Actual Class

w
K
@)
-

]

o=

0
.ot
=

o

i
A

Figure 11: Confusion Matrix for a two-class problem

To evaluate the performance of any framework,
several key metrics are used, including Accuracy,

Precision, Recall, Specificity, F1 Score, and AUC
(Area Under the Curve) [18]. These metrics rely on
the confusion matrix, which is illustrated in Figure
14 for a two-class problem.

Accuracy
Formula:
Accuracy= (TP+TN) / (TP+TN+FP+FN) x100

&

Description: Accuracy measures the proportion of
correctly classified samples out of the total
samples.

Precision (Positive Predictive Value)

Formula:
Precision= (TP / (TP+FP)) x100 2)

Description: Precision measures the proportion of
true positive predictions out of all positive
predictions made.

Recall (True Positive Rate, TPR) *

Formula
Recall= (TP / ( TP+FN)) x100 3)

Description: Recall measures the proportion of
actual positives that are correctly identified.

F1-Score
Formula:

F1-Score=
2X(Precision*Recall)/(Precision+Recall) x100

*

Description: The F1 Score is the harmonic mean of
Precision and Recall. It provides a balanced
measure that considers both false positives and
false negatives, especially useful when the class
distribution is imbalanced. This matrix evaluates
the model's ability to differentiate between classes
by comparing true positives, false positives, true
negatives, and false negatives. Similarly, Table 1
displays the verified confusion matrix for the
proposed classifier, demonstrating its reliability and
accuracy when compared to the recommended
classifier. This table shows the gains or changes in
categorization performance, emphasizing any
advances made using the suggested technique.
From the confusion matrix Table 2 demonstrates
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the classification performance of the proposed
classifier by presenting a thorough breakdown of
accurately and inaccurately categorized
occurrences. And Figure 12 depicts the overall
performance of the proposed classifier. This figure
presents a detailed review of important performance
parameters such as accuracy, precision, recall, and
F1-score, providing more insight into the classifier's

effectiveness.

26

689

Table 1: Displays The Confusion Matrix Generated For
The Proposed Classifier

Label | Precision | Recall | F1-Score | Suppor
t
O(No-Tumor) | 97.18 | 95.73 96.55 989
1(Yes-Tumor) | 96.61 96.26 95.45 663
Accuracy 96% 1652
MacroAvg 96.82 | 96.13 96.00 1652
WeightedAvg 96.45 | 96.10 96.12 1652

Table 2: Generated Validation Table For The Proposed
Classifier

Accuracy Prediction Using Proposed Classifier

GOMBNE. LA gspgses  CoASI6I

100
80
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40

¥

Aceuracy Precision Recall fl-score

BAcouracy MPrecision MRecall  fl-score

Figure 12: Displays the proposed classifier's
performance.

5.3 Logistic Regression:

Accurate disease diagnosis at an early stage proves
vital for better patient results as well as the

prevention of serious medical consequences
including cirrhosis or liver failure. The detailed
evaluations of liver abnormalities through medical
imaging methods like ultrasound and CT scans[17]
become difficult due to irregularities between
disease patterns and differences in image quality.
Deep  learning  techniques  succeed  with
Convolutional Neural Networks (CNNs) when
detecting liver diseases through automated
processes. The diagnostic performance of a system
depends heavily on the selection of the classifier. A
liver disease detection framework utilizes
optimized image segmentation techniques with
deep learning methods for feature extraction
combined with logistic regression for classification
purposes. The liver disease detection framework
initiates its process through preprocessing
techniques which include contrast enhancement and
noise removal and normalization steps to enhance
image quality and maintain consistency. YOLO
(You Only Look Once) serves as the high-end deep
learning model for object detection which performs
sophisticated segmentation to detect liver areas
accurately with medical image features. Through
real-time operation YOLO performs efficient
feature extraction that identifies essential patterns
indicating liver abnormalities from fibrosis to
lesions and cirrhosis. After segmentation of liver
regions the processed features move to logistic
regression classification. Logistic regression as an
analytical method utilizes deep learning-generated
features to determine whether disease signs appear
in the liver tissue. This system calculates
probability values for each image which helps
doctors properly distinguish healthy from diseased
cases. logistic regression for model classification
with YOLO feature extraction[18] features a strong
interpretable system for detecting liver diseases.
The integration of deep learning technology with
logistic regression produces enhanced early
diagnosis powers that assist medical staff to make
better clinical choices. The automated diagnostic
system both reduces medical errors while speeding
up diagnostic examination and enhances treatment
results for patients. Table 3 and Table 4 shows the
confusion matrix obtained by LR classifier and
Validation Table of LR Classifier. And Figure 13
shows the overall performance of the LR classifier
in predicting Liver disease.
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model structure improves its generalization
performance which results in enhanced predictive
accuracy. In this paper one more ML technique is
used like SVM for liver disease classification while
using deep learning feature extraction approaches.
The preprocessing stage includes noise reduction
and contrast enhancement as well as normalization
procedures for liver ultrasound or CT scan images
Table 3: Displays The Confusion Matrix That The Lr before improving overall image quality. Deep

Classifier Produced. learning model YOLO extracts useful features from
liver images after being cut into segments and
Label | Precision | Recall | F1-Score | Support| recognizes disease-related patterns within the data.
The SVM classifier receives these extracted

68

695

0(No-Tumor 92.18 90.21 91.18 989
( ) features to successfully separate healthy cases from
1(Yes-Tumor) 91.02 89.25 90.55 663 dlseaseq ones. The SVM. model achieves
evaluations  through  multiple  performance
Accuracy 90.56 1652 | indicators that comprise accuracy together with
MacroAvg 91.95 9011 9052 652 | precision and recall along with Fl-score. The

classification performance of the SVM classifier is
WeightedAvg| 91.55 90.02 89.82 1652 | shown in Figure 14 and Table 5 shows the
confusion matrix results of SVM classifier and
validation results generated by SVM are shown in
Table 6. Deep learning methods for feature

Table 4: Generated Validation Table For The Lr

Classifier . . . .
extraction combined with support vector machines
generate a valid technique which detects liver

Accuracy Prediction Using LR Classifier diseases early so doctors can serve their patients
9061743341 9218390805 921372328 911881751 better[ 1 9a20] .
100
80
60
790 102
40 | [— §
w 88 | 672
Accuracy Precision Recall fl-score
W Accuracy M Precision MRecall  fl-score . . j
Table 5: Displays the confusion matrix that the LR

classifier produced

Figure 13: Demonstrates How Well The Decision Tree

Classifier Performs
Table 6: Generated Validation Table For The Svm

5.4 Support Vector Machine (SVM): Classifier

The machine learning method known as Support Label Precision | Recall | F1-Score [Support
Vector Machine (SVM) provides wide utility in

automated detection systems which enhance liver O(Healthy)| 9031 | 86.76 |  88.46 989
disease diagnosis accuracy. Using supervised 1(Unhealthy) | 90.22 | 86.56 88.34 663
learning logs SVM accomplishes effective data
classification and regression analysis tasks which Accuracy 88 1652
make it a suitable choice for medical imaging MacroAvg | 9022 | 86.41 88.25 1652
analysis. SVM follows a basic principle which
identifies the optimal hyperplane inside feature
space to split different classes between diseased and
non-diseased liver cases. The hyperplane gained
through maximizing margin determines the
separation with points from different classes
designated as support vectors. A wide margin in the

‘WeightedAvg | 90.26 | 86.56 88.42 1652
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Accuracy Prediction Using SVM Classifier

8849878935 80.977220% 88,56502242 89.26553672

]

/
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Precision Recall fl-score

WAccuracy MPrecision MRecall ~ fl-score

Figure 14: Demonstrates How Well The SVM Classifier
Performs

6. CONCLUSION

In the study, we have examined deep transfer
learning approaches based on the combination of
Random Forest and XGBoost (RF-XGBoost) with
the features representations of liver diseases that are
detected with the help of the YOLO model. The
obtained experimental outcomes prove that the
information of medical imaging based on liver
ultrasound and CT scans can be successfully
employed to identify the disease accurately in case
of the integration of the RF-XGBoost framework
and the use of the YOLO-based feature extraction.
The enhance object detection further boosts the
overall detection process since the model is able to
capture important patterns and disease-related
features that are important and vital to the detection
process by YOLO. The combination of features
generated by the deep learning algorithm YOLO
with the predictive ability of the RF-XGBoost
makes the classification much better. This method
ensures a high level of accuracy as well as
identifies significant relationships among imaging
characteristics that are significant in the recognition
of liver diseases. The joint model was more
effective than single in the view of classifying with
a greater accuracy of 96 percent than traditional
analysis methods of infrared imaging by use of
Logistic Regression (LR) and Support Vector
Machines (SVM).On the whole, the suggested
framework provides an effective and trustworthy
system of early liver disease detection. This
approach will assist healthcare professionals in
making accurate diagnostic decisions by integrating
the features extraction with RF-XGBoost
classification that is based on YOLO, which in the
end will help to improve patient outcomes. As
shown in Figure 15, the analysis of the accuracy

shows that the proposed model is more accurate
than the other three classifiers.

Performance Analysis for Liver Disease Detection & Predicition of All 3
Classifiers

100 4

Proposed Classifier
uLR

SVM

Performance

fl-score

Aceuracy Precision Recall

Figure 15: Compares The Accuracy Of Three Classifiers.
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