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ABSTRACT
Globally, chronic liver disease is a significant cause of death, affect-
ing a large number of people. The liver can be damaged by several
factors. Obesity, undiagnosed hepatitis, and alcohol abuse, to name
a few examples. This is the cause of inappropriate nerve function,
blood in the cough or vomit, renal failure, liver failure, jaundice,
liver encephalopathy, and many other symptoms. We use the UCI
machine learning Indian Liver Patient dataset, which has 583 sam-
ples and 11 characteristics. Deep learning techniques are used to
detect sickness early. Artificial Neural Network (ANN), Convolu-
tional Neural Network (CNN), Long Short-Term Memory (LSTM)
were the three methods used in this paper. Different measurement
approaches, such as accuracy, precision, recall and f-1 score, false
positive rate, negative rate, mean error etc. were used to check the
performance of different techniques. In terms of accuracy, CNN,
ANN, LSTMwere found to be 96.58%, 95.72% and 99.23% accurate in
each of these categories. We also used SVM to see the effectiveness
of machine learning in this prediction and our accuracy for this
was 86.23%. According to the research, the LSTM had the highest
accuracy. By analyzing clinical data, we also explored other ways
to display this information.
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1 INTRODUCTION
The liver is one of our body’s most prominent organs and its largest,
performing over 500 essential functions [1]. A liver is an organ situ-
ated in the digestive system that performs functions such as detox-
ification, protein amalgamation, and the production of synthetic
concoctions that aid in the digestion of meals and nutrients [2]. It
is an organ that can recover without any dependence. Viruses and
alcohol use cause liver damage, putting a person’s life in jeopardy.
Hepatitis, cirrhosis, liver tumors, liver cancer, and a variety of other
disorders affect the liver. One of the leading causes of mortality
is liver disease and cirrhosis [3]. For this reason, liver disease is
one of the world’s most serious health issues. Every year, about 2
million individuals perish from liver disease across the globe [4].
According to the Global Burden of Disease (GBD) study, which
was published in BMC Medicine, one million individuals died from
cirrhosis in 2010 and another 1 million were diagnosed with liver
cancer [5]. Obese people are expected to number about 570 million
by 2030, putting them at a greater risk of liver disease. Despite the
fact that it is generally avoidable, if no action is taken to treat liver
illness as soon as possible, it may be fatal. A significant number of
individuals die each year as a result of liver illness. The mortality
rate from liver disease varies by country because the disease is
caused primarily by three risk factors: alcohol, viral hepatitis, and
obesity. Children under the age of five years old are at a greater risk
of contracting Hepatitis B, which may lead to liver damage. Adults,
on the other hand, consume alcohol. Injecting medicines that come
into contact with contaminated blood, resulting in Hepatitis C,
causes liver damage. Obesity also contributes to non-alcoholic fatty
liver disease. Because the liver disease may be asymptomatic until
it is badly damaged, the chances of treating it early are slim. In
the case of liver disease, time is valuable in terms of saving lives.
Many countries, however, lack the human resources and technol-
ogy to provide timely patient services for liver disease detection,
diagnosis, and medication. An accurate prediction of risk factors
can help to prevent liver diseases that lead to chronic, severe, and
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life-threatening conditions. Data processing and classification tech-
niques, combined with deep learning, could be an effective weapon
in the fight against liver disease. Several scholars have developed
detection and diagnosis methods and approaches, but there are cer-
tain problems that contribute to prediction limits, such as a lack of
deep analysis and the use of deep learning techniques. Deep Learn-
ing technologies could aid in the early detection of liver disease.
There are several Deep Learning and machine learning algorithms
available today, but not all of them have been evaluated for their
effectiveness in detecting liver disease. Our proposed research aims
at the development of a classification model that would improve the
prediction of liver diseases based on various symptoms. We used
several classification methods to determine whether individuals
have liver disease or not. The performance of three deep learning
methods, including CNN, ANN, LSTM and one machine learning
method includes SVM was evaluated from different viewpoints, in-
cluding accuracy, precision, recall, and f-1 score. Furthermore, the
receiver operating characteristic was used to compare the results
(ROC) and create more precise and efficient forecasts. As a result,
liver disease may be avoided.

2 LITURATURE REVIEW
With the advancement of technology, various new methodologies
for the classification of liver disorders have been established. The
significance of the study in this area is that it enables the develop-
ment and selection of models with the maximum degree of accuracy
and efficiency. The following are some of the most recent works
in this field. In 2021, K Jeyalakshmi et al. [20] introduced Modi-
fied Convolutional Neural Network (MCNN) based Liver disease
prediction system. Dimensionality reduction is accomplished in
the proposed research work through the use of Modified Principal
Component Analysis. Score based Artificial Fish Swarm Algorithm
(SAFSA) is used to select the best features. The SAFSA algorithm
uses information gain and entropy values as input values, which re-
sulted in an accurate outcome. They used classification to compare
between Modified Convolutional neural network-based Liver dis-
ease prediction system (MCNN-LDPS) and Multi-layer perceptron
neural network (MLPNN). In 2021, Yi-Shu Chen et al. [6] proposed
a novel model based on an artificial neural network (ANN) to pre-
dict fatty liver disease. They also proposed their custom models,
FLI: Fatty Liver Index, and HSI: Hepatic Steatosis Index. The ac-
curacy score and the confusion matrix are used to compare these
algorithms for classification. For artificial neural networks (ANN),
a cut-off of 0.51 was applied for classification. For FLI, a cut-off
of 45 was applied; for HSI, a cut-off of 30 was applied. In 2019,
Md. Kabirul Islam et al. [7] Identified important factors of Liver
Disease using Deep Learning and Machine Learning Architecture.
The proposed ANN architecture uses deep learning and Decision
Tree (DTREE), Random Forest (R Forest), Support Vector Machine
(SVM), Multi-layered Perceptron, Gaussian Nave Bayes (GNB), K-
nearest Neighbors (KNN), Logistic Regression for machine learning
to identify important factors of Liver Disease. They used Confusion
Matrix to show their result and conducted a comparison based on
the performance. In 2019, K.Sravani et al. [8] proposed an advanced
classification algorithm to predict liver malady based on artificial
neural network (ANN) and SVM. Between their proposed model,

ANN performed better than SVMwith 94.09% accuracy. In his paper,
Md. Rezwanul et al. (2018) [9] illustrated an expert system for the
classification of liver disorders using Artificial Neural Networks
(ANNs) and Random Forests (RFs). According to the obtained result,
their developed model using ANNs classifier algorithm has higher
accuracy than the other classifier algorithm. In another paper Usha
Devi et al. [18] used CNN and LSTM deep Learning techniques.
This paper proposed a Donor Recipient Match for Liver Transplant
and predicted the survival rate. Among these, CNN delivers the
best results. The performance metrics of Root Mean Square Error
are used to evaluate the proposed Donor Recipient Mapping for
Liver Transplant. In 2019, Deepa H. et al. [19] proposed three algo-
rithms, namely Resilient Back propagation Neural Network (Rprop),
Stochastic Average Gradient (SAG), and Convolutional Neural Net-
work (CNN), are used to treat liver diseases. In this study, two types
of datasets are used to predict liver disease. The first is a text-based
dataset, and the second is an image-based dataset. Table 1 provides
a summary of the findings through literature review.

In our paper, various methods have been applied for the identi-
fication of liver disease prediction results. CNN, LSTM, and ANN
deep learning algorithms are applied. One of the purposes of the sug-
gested method is to evaluate a range of performance measurements
of the above algorithms in order to assess the best characteristics
of liver disease.

3 DATASET DESCRIPTION
We used Indian Liver Patient Dataset from the ’UCI machine learn-
ing repository, a well-known data source [10]. There are 583 sam-
ples in the dataset. The value of the ‘Selector’ attribute 2 means
there is no liver disease 1 that means the prediction of liver disease
(see Table 2). However, the sample was not evenly distributed, and
there were numerous outliers to contend with. In this example, we
used three alternative strategies. The skewness of the data, outlier
detection, and data distribution were all checked using various
charting approaches.

4 PROPOSED METHODOLOGY
4.1 Detailed Explanation on Our Proposed

System
Our suggested approach makes use of a dataset that contains liver
disease. The entire aspect of our model is depicted in Figure 1. The
combined dataset is analyzed for missing values using dataset pre-
processing. We separate our data set into train and test in data
splitting. The Standard Scaler technique was used to scale the data
to unit variance because there were no outliers in the data and the
data distribution was normal apart from changing the categorical
values to numeric values [23]. According to our model, 80% of
data is used for training and 20% for testing. All ensemble models
with classifiers are developed to do a comparison over the merged
dataset. Cross Validation technique was not applied to prevent the
risk of overfitting as the dataset is not large [22]. We used ReLU
to achieve a non-linear transformation of the data. Also, they are
simple, quick to compute, and do not have vanishing gradients like
sigmoid functions [28].
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Table 1: Literature Review

Ref Year Algorithm Dataset Results Findings
[20] 2021 MCNN-LDPS,

MLPNN
Indian Liver patient
Dataset (ILPD)

MCNN-LDPS: 90.75%
MLPNN: 86.70%

This paper resolved CNN’s inability
to encode Orientational and relative
spatial relationships, view angle

[6] 2021 ANN Collected from People
who underwent health
check-ups in 3 medicals
from China

Accuracy:
ANN = 82.10%
FLI = 79.60%
HIS = 80.20%

This study aimed to establish a
diagnostic model for the
recognition of fatty liver disease
(FLD) by virtue of the ANN.

[7] 2019 ANN, KNN,
DTEE, R
FOREST, SVM,
GNB, Logistic
Regression

Indian Liver patient
Dataset (ILPD)

ANN 76.07%, DTREE 76.07%, R.
Forest 74.36%, SVM 74.35%,
MLP 74.36%, GNB 74.50%, KNN
78.63%, Logistic Regression
73.50%

Their contribution for this research
is to figure out a reduced model
rather than full model using
statistical significance

[8] 2019 ANN, SVM Indian Liver patient
Dataset (ILPD)

ANN 94.09%
SVM 78.09%

In this paper, comparison of 2
computer aided medical diagnostic
approaches are done.

[9] 2018 ANN, RF BUPA liver dataset ANN 85.29%,
RF 80.09%

Performance Evaluation of Random
Forests and
Artificial Neural Networks for the
Classification of
Liver Disorder

[18] 2021 CNN, LSTM Analysis of eleven
Spanish liver
transplantation units
was conducted

Root Mean Square Error:
CNN:
.2304± .1366
LSTM:
.2304± .1371

Proposed a Donor Recipient Match
for Liver Transplant and predicted
the survival rate.

[19] 2019 Rprop, SAG,
CNN

Both the text and image
datasets are taken from
Indian Liver Patient
Dataset (ILPD) from UCI
Repository

Rprop: 69.41%
SAG: 68.82%
CNN: 96.07%

Determination of liver disorder
using deep learning approaches

Table 2: Dataset Description

Index Attribute Data
Types

Description Range Index Attribute Data Types Description Range

1 Age Int64 The patient’s
age

17-85 7 Sgot (int) Asparatate
Aminotransferase

11-960

2 Gender (char) Gender of the
Patients

Male/Female8 TP (int) Total Proteins 3.9-8.1

3 TB (float) Total Bilirubin 0.6-18.4 9 ALB (float) Albumin 1.9-4.4
4 DB (float) Direct Bilirubin 0.1-8.8 10 A/G Ratio (float) Ratio of albumin to

globulin
0.4-1.85

5 Alkphos (int) Alkaline
Phosphotase

128-699 11 Selector
Field

(int) The selector field was
utilized to divide the
data into two groups
(labeled by the
experts)

1/2

6 Sgpt (int) Serum Glutamic
Pyruvic
Transaminase

13 to
1680
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Figure 1: Flow diagram of proposed model

4.2 Justification of Proposed technique
The correlation subplot determines the interdependence of two vari-
ables by determining how one variable changes in response to the
change of another variable. Higher correlations between variables
suggest that predicting one variable from another will be beneficial.
Furthermore, the visualization of the correlation subplot provides
a better understanding of the dataset and aids in the identification
of important variables [21]. Figure 2 below represents correlated
features with the predicted class attribute (selectorfield). The at-
tribute values at the right portion (ranging from -0.4 to 1) with the
lightness of color defines the strength of the correlated features.
The green color represents a stronger co-relation and the dark pink
represents a weak co-relation between the features. The ’Direct
Bilirubin’ attribute has a strong corelation with the ‘total bilirubin’
attribute having a value of 1. ‘Sgot’ attribute with a value of 0.93
has a deep co-relationship with ‘Sgpt’. ‘ALB’ and ‘A/G Ratio’ have
lower co-relation with ‘direct bilirubin’ having a value of-0.3 or-0.4
nearly. In addition, the rest of the color of the figure represents an
important co-relation with the features having a value of (0.0 to
0.4) as the color is neither darker nor lighter.

4.3 Proposed Deep Learning Approaches
This section will go over the early detection approaches for liver
disease that we recommend.

4.3.1 Artificial Neural Network (ANN).. The ANN model is cur-
rently themost widely usedmodel in research papers. Artificial Neu-
ral Networks are created using artificial neurons that are modeled
after biological brain neurons. Artificial Neural Networks (ANNs)
[11] are computer programs that mimic how the human brain pro-
cesses data and are based on biological principles. An artificial
neural network in the form of connected network units was used to

get the knowledge. Artificial neural networks [12] are mathematical
or computer models of biological brain networks that are inspired
by their structure and function. There are several levels to it, each
with its own set of senses. The accuracy rates of different ANN
variants vary [12]. The architecture model diagram of an ANN is
given in Figure 3, where two input layers and output layers are used.
ANN have used 3 hidden layers. The kernel initializer (uniform) is
used in the first and second layers, and the activation layer function
is ‘ReLU’.

4.3.2 Long Short-Term Memory (LSTM).. Since its debut in 1995,
many variations of the long short-term memory (LSTM) archi-
tecture for recurrent neural networks have been developed [13].
Hidden units with Long Short-Term Memory are effective and pop-
ular models for learning from sequence data [14]. The LSTM is
a more advanced version of the RNN, in which it functions as a
long short-term memory block inside an RNN, establishing con-
text for how the program takes inputs and produces outputs. The
LSTM block is a complex component with several sub-components,
including activation functions, weighted inputs, inputs from previ-
ous blocks, and outputs. The unit is termed the ’long short-term
memory’ block because the program utilizes a structure based on a
short-term memory process to create a longer-term memory [15].
The layer of the Model was depicted in the diagram. In LSTM the
used hidden layer was 9. We utilize kernel initializer in the first
layer, activation layer (softmax) in the second layer, return sequence
= (true) in the third layer, and next layer is the same as the third
layer. (See Figure 4).

4.3.3 Convolutional Neural Network (CNN).. A convolutional neu-
ral network (CNN) has been proposed for the early detection and
diagnosis of liver illness. Deep learning (DL) will be supported by
data analysis tools, which will lessen the need for knowledge while
also reducing the chance of human error. CNN design, which man-
dates input and output independence, limits many applications that
deal with data sequentially. The term layer in CNN designs refers to
a convolutional layer [16] for the purpose of simplicity. As shown
in the diagram, the proposed CNN is a feed forwards network with
a sequential single–input–single–output architecture. The layers of
the model are depicted in the diagram, and each layer uses kernel
regularizer, activation layer (ReLU), dropout layer, which is distinct
for each layer and CNN used 9 hidden layers. (Figure 5).

4.3.4 Support Vector Machine (SVM).. Support Vector machine is a
popular machine learning technique. SVM is a learning system that
utilizes a hypothesis space of linear functions in a high-dimensional
space and is trained using an optimization theory learning algo-
rithm that denotes a learning bias derived from the statistical learn-
ing theorem [26]. SVM is used in combination with a linear model
to establish non-linear class boundaries by non-linearly mapping
input vectors into a high dimensional feature space using kernels.
Support vectors are training examples that remain closer to the
maximum margin hyperplane. All other training samples are irrele-
vant for determining binary class borders. Support vector machines
(SVMs) are supervised learning models using learning algorithms
that examine data and derive patterns, and are used for regression
and classification [27].
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Figure 2: Highly correlated feature of liver disease dataset

Figure 3: ANN Model Architecture

4.4 Evaluation Process
The confusion matrix, accuracy score [17], precision, recall, sensi-
tivity, and F1 score are all used in the evaluation technique. The
first portion is true positive (TP), which indicates that values that
are classified as true are likewise true in reality. False positive (FP)
is the second category, which happens when false results are incor-
rectly labelled as true. False negative (FN) is the third type, which
happens when a value is correct but wrongly identified as negative.
True negative (TN) and false negative (FN) are the fourth and fifth
options, respectively. True negative (TN) happens when a value is

Figure 4: LSTM Model Architecture

right but wrongly identified as negative. True negative (TN) is the
fourth choice.

5 RESULT AND DISCUSSION
This section will go over all of the results and how they are rep-
resented using various figures. The parameters employed in our
model are listed in Table 3. The activation layer (AL), optimizer (OP)
[25], learning rates (LR), epochs (E), batch size (BS), and compilation
time (CT) were all displayed here.
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Figure 5: CNN Model Architecture

Table 3: PARAMETERS USED IN ALGORITHM

Models Activation Layer Epochs Learning Rate Batch Size Optimizer
ANN Relu 15 0.09 8 Adamax
CNN Relu 20 0.09 8 Adam
LSTM Softmax 10 0.09 8 Nadam
SVM - - - - -

5.1 Accuracy, Precision, Specificity and
F1-Score of Each Model

For the training dataset, we used the CNN technique and got 96.58%
after 20 epochs. The CNN model has a precision and specificity of
97.53% and 91.73%, respectively. However, the ANN obtained an
accuracy of 95.72%, as well as precision of 96.85% and 89.74% of
specificity. LSTM has the best training accuracy of 99.23%, precision
of 97.1%, and specificity of 94.29%. F1-Score for CNN is 98.75%,
ANN 96.85%. In terms of SVM we got the lowest of 86.32% accuracy,
precision 87.09%, specificity 85.18% and F1-score was 91.09%. (See
Figure 6).

5.2 Other values of the deployed Models
CNN has a false positive rate and a false discovery rate of 10% and
4.938%, respectively; ANN has a rate of 10.25% and 4.93%, LSTM has
a rate of 5.26% and 2.56% and SVM has a rate of 14.81% and 4.87%.
Finally, for CNN, Mean Absolute Error, Mean Squared Error, and
Root Mean Squared Error predicted values sequentially are 3.418%,
3.418%, and 18.49%, and for ANN they are 4.27%, 4.27%, and 20.67%,
for LSTM they are 1.709%, 1.709%, and 13.07 and for SVM they are
13.67%, 13.69% and 36.98%. When these measurement criteria are
compared, LSTM classification approach outperforms both CNN,
ANN and SVM in predicting liver disease, shown in Figure 7.

5.3 Model Accuracy and loss of LSTM
Figure 8 represents the LSTM model accuracy and Loss. After 10
epochs. The validation accuracy line started at 94.02% and ended at
98.29%. Then in the training line, it started at 92.72% and ended at
95.71%. If we keep an eye here, we can see that validation accuracy
is way higher than training accuracy and at the end point, they
ended up with a gap. In LSTM model loss the validation loss is
higher than the training loss. In the LSTM model loss, there are
10 epochs. The validation loss line started at 20.98% and ended at
15.28%. Then in the training line, it started at 17.3% and ended at
11.47%. So, after comparing both graphs, we can say that this model
is doing better in validation than in training.

5.4 Model Accuracy and loss of ANN
As shown in Figure 9, In the ANN model, there are 15 epochs.
Validation accuracy started from 93.16% and ended at 95.73%. While
training, it started at 94.64% and ended at 95.92%. After 15 epochs.
The validation loss started at 11.63% and ended at 9.55%. While
training, it started at 10.75% and ended at 9.99%.

5.5 Model Accuracy and loss of CNN
We can see the model accuracy and Loss for CNN at Figure 10. The
validation accuracy started at 69.23% and ended at 96.58%. Then
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Figure 6: The performance comparison of three learning techniques

Figure 7: The performance comparison of three learning techniques

in the training line, it started at 64.84% and ended at 93.75%. So, a
noticeable thing is that, from start to end, there is a big jump in
the score. In CNN model loss after 20 epochs. The validation loss
started at 68.4% and came down to 18.25%. Then in the training line,
it started at 56.23% and ended at 14.86%

Table 4 compares this work to other related works in which
neither work generated a score based on ensemble techniques nor
defined best parameters using a hyper parameter tuning approach.
In comparison to this work, the scores generated here were only
based on general classifiers.

5.6 The Receiver Operating Characteristics
(ROC)

Figure 11, we can see that the CNN’s ROC accuracy [24] is 98%,
LSTM acquired ROC accuracy of 99%, ANN ROC accuracy is 97%
and SVM roc accuracy was 100% The ROC scores is also reached a
maximum value of 99% for the algorithm that we used.
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Figure 8: LSTM Model Accuracy and Loss

Figure 9: ANN Model Accuracy and Loss

Figure 10: CNN Model Accuracy and Loss

6 CONCLUSION
Year after year, the number of individuals with liver diseases is
increasing. The artificial neural network methodology is the most
effective method for classifying knowledge present in vast amounts
of medical data. The goal of this study is to use a new form of deep
learning algorithm and models to predict human sickness. The
attributes 583 and 11 are used in the dataset. Some of the assess-
ment measures are accuracy, sensitivity, characteristics and ROC

charts. The best accuracy of the dataset was predicted using LSTM,
ANN, and CNN in this paper. As a result, the proposed methodol-
ogy framework links each type of data to the appropriate model
before concatenating the results to arrive at a final diagnosis. This
approach can provide a precise diagnostic in the event of an unbal-
ance. For the UCI machine learning repository liver disease dataset,
our proposed models LSTM and CNN have classifier accuracy of
99.23 % and 96.58 %, respectively. Among them, LSTM is the most ef-
fective. To see the effectiveness of machine learning we also applied
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Table 4: Comparison Table between this study and related works

Our Work Other Existing Works
Models Accuracy Jeyalakshmi et al.

(2021) [20]
Islam et al.
(2019) [7]

Sravani et
al. (2021)

[8]

Haque et al.
(2018) [9]

Devi et al.
(2021) [18]

Balavigi et al.
(2021) [19]

Chen et al.
(2021) [6]

CNN 96.58% 90.75% - - - RMSE:
.2304±.1366

96.07% -

ANN 95.72% - 76.07% 94.09% 85.29% - - 82.10%
LSTM 99.23% - - - - RMSE:

.2304±.1371
- -

SVM 86.23% - 74.35% 78.09% - - - -

Figure 11: ROC curve score for LSTM, CNN, ANN and SVM

SVM, but as visible in the result section that the accuracy of 86.23%
was not satisfying. In the future, new algorithms and optimization
approaches could be added to this model to improve classification
performance. Because our work is based on data from the UCI
repository, we will train and test multiple ensemble techniques on
a large medical data set for performance improvement.
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