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Abstract
Automated diagnosis of diseases has forever been of interest as 
an interdisciplinary study among computer and medical science 
researchers. Detection of hepatitis is really a big problem for 
general practitioners. An expert doctor commonly takes decisions 
by evaluating the current test results of a patient or by comparing the 
patient with other patients with the same condition with reference 
to the previous decisions. Various machine learning and data 
mining techniques have been widely exploited for the automatic 
diagnosis of hepatitis.  However differences in accuracies of 
classification by using different- different techniques. Yet, despite 
high accuracies of up to 96.77% in predicting the correct hepatitis 
diagnosis. This article aims at sketching out an outline of the 
wide range of options, recent developments, and potentials in 
machine learning algorithms in the field of hepatitis diagnosis. 
A key advance has been the development of a more in-depth 
understanding and theoretical analysis of critical issues related to 
algorithmic construction and learning theory. This should make 
available a good resource for researchers from all backgrounds 
interested in computational intelligence-based hepatitis diagnosis 
methods, and allows them to extend their knowledge into this 
kind of research for better hepatitis diagnosis and may be other 
diseases.
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I. Introduction
Hepatitis is the fifth most death causing diseases after heart disease, 
stroke, chest disease and cancer [1]. Worldwide, 1.5 million 
deaths have been estimated in each year [2]. It is the serious 
health problem in which destruction of the liver cells causes 
cirrhosis and sometime extended to liver cancer too. To diagnose 
hepatitis, a physician has to analyze many factors. Definitely, the 
evaluations of patients records and expert decisions are critical 
for diagnosis. The word hepatitis simply means an inflammation 
of the liver without pinpointing. Various risk factors for hepatitis 
includes blood transfusions, tattoos and piercing, drug abuse, 
haemodialysis, health workers, and sexual contact with hepatitis 
carrier [3].  
Hepatitis is caused by mainly many viruses and a few bacteria but 
drugs, alcohol, inheritance, chemical, etc.  are also responsible 
for it [4]. In some rare cases Estein Barr virus also responsible for 
hepatitis. Hepatitis A, B, C, D, E and G are the six viruses through 
which hepatitis is caused. Signs and symptoms of hepatitis A, B, 
and C are jaundice, fever, vomiting, diarrhea, muscle aches, loss 
of appetite, nausea.

II. Hepatitis Diagnosis Difficulty are Easily Overcome 
with the Help of Computer Intelligence
Early stage diagnosis of hepatitis is very difficult in general 
population due to the lack of regular routine checkup as well 
as awareness. Therefore, Medical diagnosis is quite difficult 
and depends on visual task done by expert doctors based on 

their expertise. An expert doctor commonly takes decisions by 
evaluating the current test results of a patient or the expert doctor 
compares the patient with other patients with the same condition 
by referring to the previous decisions [2]. For this reason so many 
machine learning and data mining techniques have been design 
for the automatic diagnosis of hepatitis. The advantages of using 
machine learning approaches in medical diagnosis have costs to 
decrease and caused diagnosis accuracy to increase.

III. Datasets for Hepatitis Diagnosis
The most common datasets used for hepatitis is University of 
California at Irvine (UCI) machine learning data repository (http://
archive.ics.uci.edu/ml/datasets/hepatitis). It was donated by Jozef 
Stefan Institute, Yugoslavia. There are 19 attributes/inputs in 
which 13 binary and 6 attributes with discrete value, obtained 
from patients and one class attributes, which have output die or 
live i.e. hepatitis patients are alive or dead in UCI machine learning 
repository. In this dataset consists of 155 large set of samples and 
all have 19 attribute or feature (Table 1). Out of 155 samples, 2 
different classes were shown – 32 die cases and 123 alive class. 
This dataset is generally used by researcher who uses machine 
learning method.

Table 1:  Attributes of Hepatitis Dataset in UCI Repository
S.No. Variable Variable 

description
Value

1 Age Ranges from 20 
to 78 years old

Having 
discrete 
values

2 Sex Male or 
female, and is 
represented by 1 
or 2 respectively

Male, 
female

3 Steroid Value 1 for no & 
value 2 for yes

No, yes

4 Antivirals Value 1 for no & 
value 2 for yes

No, yes

5 Fatigue Value 1 for no & 
value 2 for yes

No, yes

6 Malaise Value 1 for no & 
value 2 for yes

No, yes

7 Anorexia Value 1 for no & 
value 2 for yes

No, yes

8 Liver big Value 1 for no & 
value 2 for yes

No, yes

9 Liver firm Value 1 for no & 
value 2 for yes

No, yes

10 Spleen 
palpable

Value 1 for no & 
value 2 for yes

No, yes
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11 Spiders Red capillary 
tufts in the skin 
that blanch on 
pressure , and is 
represented by 1 
or 2 respectively

No, yes

12 Ascites Accumulation 
of fluid in the 
abdominal 
cavity, and is 
represented by 1 
or 2 respectively

No, yes

13 Varices Dilated 
veins, and is 
represented by 
1 or 2

No, yes

14 Bilirubin A bile pigment 
cleared from the 
blood by the liver

0.3 to 7.6 
having 
discrete 
values

15 Alkaline  
phosphatase

Protein found 
in bile duct cell 
membranes

30 to295 
having 
discrete 
values

16 SGOT Aspartate 
transaminase 
(SGOT) enzyme 
that catalyze 
protein transform 
actions within 
hepatocytes

14 to 648 
having 
discrete 
values

17 Albumin A protein in 
the serum that 
transports 
substances such 
as drugs and and 
prevents leakage 
of fluid into the 
surrounding 
tissues

2.4 to 6.4 
having 
discrete 
values

18 Protime The pro-
thrombin time in 
serum

0 to 100 
having 
discrete 
values

19 Histology Value 1 for no & 
value 2 for yes

No, yes

IV. Brief Introduction of few Methods for Hepatitis 
Diagnosis
Early stage diagnosis of hepatitis is very difficult in general 
population due to the lack of regular routine checkup as well 
as awareness. Therefore, Medical diagnosis is quite difficult 
and totally depends on visual task done by expert doctors based 
on their expertise. An expert doctor commonly takes decisions 
by evaluating the current test results of a patient or the expert 
doctor compares the patient with other patients with the same 
condition by referring to the previous decisions [2]. Therefore, 
various machine learning and data mining techniques have been 
widely exploited for the automatic diagnosis of hepatitis.  However 

differences in accuracies of classification were observed in all the 
cases.  Algorithms like C4.5, Naïve Bayes (NB), Bayesian network 
with naïve dependence and feature selection (BNNF), Bayesian 
network with naïve dependence (BNND) report 83.6%, 88.7%, 
90.0% accuracy [5]. Further, Accuracy in methods like 15 Neural 
Network (15NN) with Manhattan, weighted 9 Neural Network 
(9NN) and 18NN with Manhattan were reported as 89.0%, 90.2% 
and 90.2% respectively [6]. Several method like ARTIST Sea 
Ice (ASI), Classification And Regression Tree (CART), Learning 
Vector Quantization (LVQ), Fisher discriminant analysis, 
Automatic Speech Recognition (ASR), Quadratic discriminant 
analysis (QDA), Naïve Bayes (NB) along with Semi-NB, and 
Linear discriminant analysis (LDA) had the accuracy of 82.0, 82.7, 
83.2, 84.5, 85.0, 85.8, 86.3 and 86.4 %  respectively [7]. Multilayer 
Perceptron with Backpropagation and Radial Bias Function 
(RBF) combined with Tooldiag method had shown the accuracy 
of 77.4% and 79.0% respectively, whereas the accuracy of 88.4% 
was observed in the case of Finite-State Machine (FSM) without 
rotations [8]. MultiLayer Perceptron has lead to 74.3% accuracy 
[5] while GRNN gave 80.0% accuracy only [8]. Importantly, 
Fuzzy System-Artificial Immune Recognition System (FS-AIRS) 
alone has shown the accuracy of 92.5% [9], while FS-fuzzy-AIRS 
in combination with fuzzy algorithm was increased and resulted 
in 94.1% [10]. Linear Discriminant Analysis –Adaptive Network 
based on Fuzzy Interence System (LDA-ANFIS) had also shown 
the same accuracy as previous one [11]. By using Multilayer 
Neural Network (MLNN)(MLP) along with Levenberg Marquardt 
(LM), Principle Component Analysis (PCA) along with Least 
Square Support Vector Machine (LSSVM), Genetic Algorithm - 
Support Vector Machine (GA-SVM) and Support Vector Machine 
–Simulated Annealing (SVM-SA) obtained 91.8, 95.0, 89.6, 96.2 
%  accuracy, [2, 12-14].
This paper mainly deals with hybrid approach to medical decision 
support systems, which help to physicians related with pre-decision 
of hepatitis disease.

A. Data Analysis Using Support Vector Machine
Support Vector Machine (SVM) operates by finding a linear 
hyper plane that separates the positive and negative examples 
with a maximum interclass distance [15]. It can define zi as an 
indicator variable which specifies whether a data vector xi is in 
class hepatitis or non-hepatitis (e.g., zi = -1 if xi is in the hepatitis 
class and zi = 1 if xi is in the non-hepatitis class). The distance 
of a hyper plane w to a (transformed) data vector y is defined as 
|f (y)|/||w||. Together with the fact that the separating hyper plane 
ensures zi f(yi) ≥ 1 for all n data vectors i, we can express the 
condition on the margin m as:
zif (y)/||w||≥ m, where i=1, ….,n   (1)
The goal of SVM training is to find the weight w that maximizes 
the margin m.
Most of the methods are based on SVM like SVM-SA, LSSVM, 
PCA- LSSVM, GA-SVM are hybrid methods of SVM, used in 
diagnosis of hepatitis. 
Sartakhti et al., (2011) applied Support vector machine – Simulated 
Annealing (SVM-SA) method by using UCI hepatitis dataset and 
obtained significant accuracy 96.25% classification accuracy. In 
this method SA (obtain best (C,δ) by cross validation scoring) 
was used to build the model. SA is a technique to find a proper 
solution to an optimization problem by trying random variation 
of the current solution [2]. In this, calculate cross validation score 
through each combination of (C,δ) by using formula: 
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Cross validation score = #Records tree
predicted/#Total records                  (2)                                                               
After getting best pair of (C,δ), learner classifiers for pair wise 
coupling (PWC) probability estimate. PCA (Principle Component 
Analysis) - LSSVM method is the also another method of diagnosis 
of hepatitis. 19 features from UCI machine learning repository 
was reduced to 10 by applying PCA (feature reduction method) 
and redacted features are given to inputs LSSVM classifier. PCA 
method is the common technique for finding patters in date of high 
dimension. So, that’s why it is applied to make a more effective 
classifier system. LSSVM classifiers are version of SVM. Gaussian 
kernels (σ) and the regulation factor C are the two parameter in LS-
SVM classifier for optimized. In this study, value of parameter (σ) 
is changed between 0.1 and 25 and value of C parameter is changed 
between 1 and 100000 for getting optimized. The classification 
accuracy of PCA-LSSVM was obtained 95 % for the hepatitis 
diagnosis. Chen et al., (2011) [16] was used LFDA-SVM method 
for hepatitis diagnosis. LFDA is a linear supervised dimensionality 
reduction method. The LFDA evaluates the levels of the between 
class scatter and the within – class scatter in a local manner, it 
works well even when within- class multimodality or outliers 
exit [16]. In this method, here LFDA is used as feature extraction 
tool for dimensionality reduction in order to further improve the 
hepatitis diagnostic accuracy of the standard SVM algorithm. 
All input variables are normalized then LFDA is used for feature 
extraction and grid search method using 10-fold cross-validation 
for parameter optimization. After the normalized data, reduce the 
dimensionality by using LFDA. Then through stratified sampling 
method, the reduced data set was divided into the three training-
testing partitions- 80-20%, 70-30%, and 50-50% respectively. 
Through this study the best classification accuracy was observed 
96.77% (80-20% training testing).

B. Genetic Algorithm
The Genetic Algorithm (GA) is a method for solving both 
constrained and unconstrained optimization problems that is 
based on natural selection, the process that drives biological 
evolution [17]. In GA, chromosome means each individual of 
population. GA,  randomly select individual from the current 
population to be parents and produce the children for the next 
generation. Selection, mutation, and cross-over are the three 
rules to create the next generation from the current population 
at each step. The genetic algorithm can be applied for solving 
various optimization problems that are not well suited for standard 
optimization algorithms, including problems in which the fitness 
function is discontinuous, non-differentiable, stochastic, or highly 
nonlinear [17].
GA-GRNN, GA-BRF, GA-RBEF are hybrid method which are 
also applied in hepatitis diagnosis. Accuracy is observed better in 
hybrid method (GA-GRNN, GA-RBF, and GA-RBEF) than the 
simple method like GRNN, RBF and RBEF. This hybrid study 
based on genetic algorithm and neural networks and deal with 
feature selection and classification genetic algorithm chooses 
subsets of feature for the input of the classifier (neural network) 
and the accuracy of the classifier determine the percentage of 
effectiveness of each subsets of features [17]. In this method, 
first all initial population of GA generated randomly. Then some 
member would be adding through the cross-over and mutation in 
the initial population. The length of bit string is equal to the no. 
of features was obtained from database (UCI machine learning 
database). So, selected feature used as inputs of the classifier. 
GRNN, RBF, and RBEF are used in classifiers in this study and 

finally get best accuracy result. RBF is the neural network model 
which consists of input layer, hidden layer and output layer. It is 
a feed-forward network with a single layer of hidden units, called 
radial basis functions (RBFs) [18].
Let φj (x) be the jth radial basic function φj (x) is represented as:
φj (x)=exp[-(x-Cj)/2σ2

j]
2    (3)

Here x=(x1, x2,….xd) is the input vector, Cj = (C1j,C2j, …,Cdj)
T and 

σ2
j  are the jth center vector and the width parameter, respectively. 

RBF network have maximum five neurons in the middle layer 
and the final value of zero mean square error and gradient decent 
algorithm for training the non-linear parameters and RLS for 
training linear parameters are used in this paper. RBEF is the 
kind of radial basic model and design very quickly radial basic 
network with zero error on the design vectors. By testing different 
spread constant values between 0.01 and 20, 1.25 for hepatitis 
disease in RBEF.
GRNN is put in the category of probabilistic neural network. 
Classification accuracy of GA-GRANN, GA-RBF, GA-RBEF is 
93.55, 96.77, and 96.77 % respectively. In GRNN, RBF and RBEF 
classification accuracy were 74.19, 90.32, and 90.32% respectively 
(the classification accuracies obtained, by using neural networks 
without pattern recognition) which is less than previous hybrid 
method of genetic algorithms.

C. Clustering Techniques
A Clustering technique is highly used by using several algorithms 
for the hepatitis disease diagnosis. LDA-ANFIS is the automatic 
diagnosis system consists of Linear Discriminates Analysis 
(LDA) and ANFIS. In this method, no. of features (obtaining 
from UCI machine learning repository) was reduced to 8 from 19 
by applying LDA and these reduced features are given to inputs 
ANFIS. LDA is a class specific discriminative, to find a set of 
base vectors of supervised learning is the main advantage of LDA 
technique. ANFIS classifier is used artificial neural network and 
fuzzy logic. In this study there are eight inputs and output of the 
ANFIS classification is formed of if then rules, which can be 
expressed as set of rule for a first order Sugeno fuzzy model:
If X1 A 1 and X2 B1 and X3 C1 ……….X 8H 1then
f 1= px 1+ppx2 +qx 3+qqx4 +sx5 +ssx6 +rx 7+rrx8 +u
Here X1 ….X8 is input; p, pp, q, qq, s, ss, r, rr and u is linear output 
parameters. There are 5 layer and 256 if then rules in structure 
of ANFIS classifier [11]. Classification accuracy 94.16 % was 
obtained from this LDA-ANFIS automatic diagnosis system for 
the diagnosis of hepatitis disease. By using FS-AIRS with fuzzy 
res. method 92.59% classification accuracy was achieved. In this 
study, feature reduction of hepatitis dataset from 19 to 10 in the 
Feature Selection (FS) subprogram by means of C4.5 decision tree 
algorithm. Diagnostic accuracy of this study is 92.59% by using 
10 fold cross validation over hepatitis disease dataset, sensitivity 
100%, specificity 85% and ADK is 92.5% respectively.   In FS-
Fuzzy-AIRS (50-50) method, dataset of hepatitis are reduced to 
9 from 19 in the Feature Selection (FS) sub-program by means 
of C4.5 decision tree algorithm (CBA program). Raw dataset can 
be large. So, FS is use to deal this problem. In this method 81.82 
% classification accuracy was obtained [19].
Polat et al., 2006 obtained 94.12% classification accuracy by 
applying FS-Fuzzy AIRS method.

D. Artificial Neural Network
Artificial neural networks could be used in every situation in 
which exists a relationship between some variables that can 
be considered inputs and other variables that can be predicted 
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(outputs) [20]. In hepatitis diagnosis, mainly GRNN, PNN, PCA-
ANN and many more method are used which gives quite good 
classification accuracy. The GRNN is the related to the radial basic 
function network and is based on a standard statistical technique 
called kernel regression [15]. Özyıldırım, Yıldırım, et al. was 
obtained 80% of classification accuracy by using this method.  
The PNN provides a general solution to pattern classification 
problems by following an approach developed in statistics, called 
Bayesian classifier [4]. In this study, dataset was also taken from 
UCI machine learning repository. PNN is based on competitive 
learning with a “winner takes all attitudes” and the core concept 
based on multivariate probability [4]. The structure of PNN in 
this study has multilayer structures, consisting of a single hidden 
layer means radial basic layer of locally turned units. These 
basic layers are fully interconnected to an output layer means 
competitive layer, which has 2 units. In this, real valued input 
vector is feature’s vector, and two outputs are two class index 19-
dimensional real valued input vector are simultaneously receive 
by all hidden units. Through the unit connection weights, the input 
vector to the network is passed to the hidden layer node. Hidden 
layer consists, set of radial basic functions. For the accuracy of 
PNN for hepatitis disease diagnosis, 10 fold cross-validation 
techniques were applied. PNN result was better than the results 
obtained using the other neural network structures except MLNN 
with LM training algorithm. The classification accuracy 91.25% 
was obtained from in this study (PNN) .Very close performances 
of PNN with FS-AIRS with fuzzy resource allocation (Polat & 
Gunes) and weighted 9NN (Grudzinski).
In PCA – ANN system of neural network, number of features 
was reduced to 6 from 19 due to relative significance fields. Here 
PCA is used for reduction of feature, through which transforms 
the original data into new dimensions [21]. In this study 89.6% 
of accuracy. In MLNN (MLP) + LM (10×FC) study, a hepatitis 
disease diagnosis study was realized using neural network structure. 
Accuracy of MLNN was calculated by performing tenfold cross-
validation technique. Following is the network structure used for 
this purpose. In this system, there are total 19 input features and 2 
outputs index of two classes (die and live). Levenberg - Marquart 
algorithm was used for training of MLNNs. The hidden layer 
neurons, 60 neuron for first hidden layer and 20 neurons for first 
hidden layer Nonlinear sigmoid activation function was used in 
output layer neurons [4]. The classification accuracy is 91.87% via 
tenfold cross validation in this study to diagnosis of hepatitis.

E. Logistic Regression Method
In this study, binary logistic regression is applied to classify the 
cases by using qualitative and quantitative approach for data 
reduction. After the reduction of data set by PCA for reduction 
of dimensions, performed regression model method. Regression 
allows forecasting future values on the basis of past values [22]. In 
this paper, linear regression model can be defined by the following 
equation:
Z= a0 +a1y1+……+amym+∈       (4)                                

Here ∈ is random no.,X1,X2,…….Xm are input variables and 
known as regressors. a0, a1,…….am are the constants which are 
chosen to match the input samples using statistical estimation. In 
this study observed that data mining using data reduction resulted 
in better values than performance indicators like mean square error 
and coefficient of determination. More than 89.6 % classification 
accuracy has produced from three stage procedure.

Table 2:  Classification Accuracies Obtained by Using Hepatitis 
Diagnostic
ANN and Related Algorithms
Algorithm C.A Sp Sn References
MLP
(5 × FC) 74.3 - - [21] 

MLP+BP
(Tooldiag) 
(10×FC)

77.4 - -   [21] 

RBF
(Tooldiag) (10 
×FC)

79.0 - - [21] 

GRNN
(5 × FC) 80.0 - - [21] 

MLP with BP
(10 × FC) 82.1 - - [21] 

RBF
(5 × FC) 83.75 - - [21]

1-NN
(10 × FC) 85.3 - - [21] 

15NN
 (10 × FC) 89.0 - - [21] 

PCA-ANN 89.6 - - [21]  
18NN
 (10 × FC) 90.2 - -  [9]  

9-NN 90.3 - - [9] 
ANN 92.0 83.3 92.8 [24] 
PNN
(10×FC) 91.25 - - [4] 

MLNN 
(MLP)+LM 
(10 × FC)

91.87 - -
[4] 

Weighted 
9NN(10×F) 92.9 - - [2] 

Logistic regression method
Algorithm C.A Sp Sn References
Logistic 
regression 89.6 - - [22]

Decision tree learning algorithm
Algorithm C.A Sp Sn References
LFC 
(10 × FC) 81.9 - - [21] 

CART decision 
tree(10 × FC) 82.7 - - [21] 

LVQ 
(10× FC) 83.2 - - [21]

C4.5 83.6 - - [2] 

SVM
Algorithm C.A Sp Sn References
GA-SVM 89.6 - - [2] 
PCA-LSSVM 95.0 - - [13] 
SVM -SA 96.2 - - [2] 
LFDA-SVM 96.77 - - [16] 
Genetic algorithm based
Algorithm C.A Sp Sn References
GA-GRNN 93.55 - - [17]

GA-RBF 96.77 - - [17] 
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GA-RBEF 96.77 - - [17] 
Clustering based
Algorithm C.A Sp Sn References
FS-Fuzzy-AIRS
(50-50%) 81.82 83.82 55.56 [19] 

ASI 
(10 × FC) 82.0 - - [21] 

Fisher 
discriminat 
analysis
(10 × FC)

84.5 - - [21] 

ASR
 (10 × FC) 85.0 - - [21] 

VSS 2 
neurons,5it 85.1 - -

www.
is.umk.pl/
projects/
datasets

QDA
(10×  FC) 85.8 - - [21] 

IncNet
 (10 × FC) 86.0 - - [9] 

Naive Bayes 
and Semi-NB 
(10×  FC)

86.3 - - [21] 

LDA 
(10 × FC) 86.4 - - [13] 

FSM without 
rotations 88.4 - - [9] 

NB 87.8 - - [2] 
BNNF 88.7 47.69 92.09 [2]  
FSM with 
rotations
(10 × FC)

89.7 - - [9] 

BNND 90.0 46.15 92.54 [2] 
RBEF 90.32 - - [17] 
CORE 92.4 - - [2] 
FS-AIRS with 
fuzzy res. 
(10 × FC)

92.59 85 100 [9] 

FS-fuzzy-AIR 
(10 × FC) 94.1 - - [17] 

PCA-AIRS 94.12 94.44 100  [11] 
LDA-ANFIS 
(10 × FC) 94.16 91.66 96.66 [11] 

Neural fuzzy 
expert 96.4 - - [23] 

Note.  “C.A” indicates Classification accuracy, “sp” indicates 
specificity, “sn” indicates sensitivity, and “-“indicates not given 
here.

Legend
UCI: University of California. MLNN: Multilayer Neural 
Network. LM: Levenberg Marquardt. GRNN: General Regression 
Neural Network. RBF: Radial Basic Function. MLP: Multi-layer 
Perceptron. LDA: Linear discriminant analysis.SVM: Support 
Vector Machine. CART: Classification And Regression Trees. 
ANN: Artificial Neural Network. PNN: Probabilistic Neural 
Network.PCA: Principle Component Analysis. AIRS: Artificial 
Immune Recognition System. ANFIS: Adaptive Network Based 
On Fuzzy Inference System.GA: Genetic Algorithm. RBEF: 

Radial Basic Network Exact Fit.CBR: Case-Based Reasoning. 
C4.5: C4.5 Decision Tree. BNND: Bayesian Network with Naïve 
Dependence. BNNF: Bayesian Network with Naïve Dependence 
And Feature Selection. RBFNN: Radial Basic Function of Neural 
Network. SA: Simulated Annealing. FS: Fuzzy Selection. Fuzzy 
res.: Fuzzy Resource Allocation. NB: Naïve Bayes. BP: Back 
Propagation. LVQ: Learning Vector Quantization. ASI: ARTIST 
See Ice. LS-SVM: Least Square Support Vector Machine. FSM: 
Finite State Machine. ASR: Automatic Speech Recognition. QDA: 
Quadratic Discriminant Analysis. NN: Neural Network.

V. Conclusion
Yet, despite high accuracies of up to 96.77% in predicting the 
correct hepatitis diagnosis by using LFDA-SVM and GA-RBEF. 
Many machine learning and data mining techniques have been 
designed for the automatic diagnosis of hepatitis. However, 
probably no any tool is available to the ‘general population’ for 
the diagnosis of Hepatitis. Hence, some tool needs to be developed 
through which medical practitioners can feed patient data easily 
and find the hepatitis diagnose instantly and accurately for the 
‘general population.’The physicians can take very accurate and 
fast decisions by using such an efficient tool. The use of such tool 
in medical applications can reduce costs, time, human expertise 
and medical error.
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