
 
 

CHAPTER 8 

 

                      Hepa s Disease Diagnosis  
 
 
8.1. Introduc on 

Hepatitis is a disease of liver which is an important organ of human body. It is an 
infection of the liver that does not pinpoint any particular reason [1]. Three main 
viruses which are causing hepatitis are: A virus (HAV), B- virus (HBV), and C- virus 
(HCV). Recently, it has become one of the major diseases worldwide for which many 

casualties are reported. At present, it is reported that there are approximately 2 
million people are suffering from hepatitis B virus, and 200,000 to 300,000 people 
are suffering from  hepatitis C [2]. 

Early detection and proper medicinal management of hepatitis disease can reduce 

the risk of happening liver cancer. Any major symptoms are not reported from most 
of the patients infected with hepatitis B and hepatitis C, which is one of the major 
problems for the diagnosis of hepatitis for a physician [1]. Generally, a physician 
takes decision by evaluating the current test results of a patient and/or the physician 

compares the present patient with the previous similar patients using heuristics; 
leaving a scope of error in diagnosis. To mitigate the problem, an automated 
intelligent decision support system can be helpful; and there are number of such 

proposed intelligent systems in different domains including medicine. These 
intelligent models can be implemented to assist physicians in taking decisions. We, 
therefore, propose an intelligent system for hepatitis diagnosis using different 

methods based on correlation based feature selection ( CFS), rough set theory (RS) 

for feature reduction, and incremental back propagation learning network (IBPLN), 
and Levenberg-Marquardt (LM) algorithms for classification. Multiple imputation 
technique is used to manage missing values in the data set. Different approaches are 

tried and the results are compared to the previous studies on hepatitis disease 
diagnosis [1 - 4]. 

 AMSE IIETA Publication 
2017 Series, Modeling C, Vol. 78, Issue 4, pp. 467  477. 



 158 Hepa s Disease Diagnosis  

The chapter is organized as follows. In section 2, used hepatitis database is 
explained. Section 3 explains the technique of multiple imputations based on EMB 

approach. Section 4 presents preliminaries of feature selection methods using 
correlation-based feature subset selection (CFS) and rough set (RS) algorithms. In 
section 5, block diagram of the proposed model is presented. Data preprocessing 
steps are explained in section 6. In section 7, we present the preliminaries of artificial 

neural networks (ANN). Next, section 8 presents ANN architecture. Section 9 
explains about training or learning algorithms used in the study. Modeling results are 
shown in section 10. Section 11 describes about the benchmarking parameters used 

in the study as performance measure. Experimental results for 100 simulations are 
presented in section 12.the results. Finally, our conclusions are summarized. 

 

8.2. UCI Hepa s Data Set 

In this study, we use hepatitis data set from UCI Machine Learning Repository [5]. 
The data set contains 19 attributes plus one attribute for class (binary). It contains 

- - 123 cases). The details of 
the dataset are represented in Table 8.1. 
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            Table 8.1. The A ributes of Hepa s Disease Database of UCI 
Attribute 
number 

Attribute name Attribute values 

1. Class DIE, LIVE 

2. AGE 10,20,30,40,50,60,70,80 

3. SEX Male, female 

4. STEROID no, yes 

5. ANTIVIRALS no, yes 

6. FATIGUE no, yes 

7. MALAISE no, yes 

8. ANOREXIA no, yes 

9. LIVER BIG no, yes 

10. LIVER FIRM no, yes 

11. SPLEEN PALPABLE no, yes 

12. SPIDERS no, yes 

13. ASCITES no, yes 

14. VARICES no, yes 

15. BILIRUBIN 0.39, 0.80, 1.20, 2.00, 3.00, 4.00 

16. ALK PHOSPHATE 33, 88, 120, 160, 200, 250 

17.  SGOT 13, 100, 200, 300, 400, 500 

18. ALBUMIN 2.1, 3.0, 3.8, 4.5, 5.0, 6.0 

19. PROTIME 10, 20, 30, 40, 50, 60, 70, 80, 90 

20. HISTOLOGY no, yes 

 

The data set contains a number of missing values. For example, there are 29 missing 
values in the attribute number 16; 67 missing values in the attribute number 19. 
Different techniques are available in literatures to manage missing values in the data 

set. List-wise deletion, Pair-wise deletion, arithmetic mean imputation, regression 
imputation, and multiple imputations with EMB approach are some of the techniques 
to do so. For the missing value management, we use multiple imputations based on 
EMB approach as described in the following section. 
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8.3. Mul ple Imputa ons 

Valid and reliable intelligent models are based on data which are well prepared. 
Missing data should be handled carefully as it may contain valuable information. In 
this context missing data problem, one of the vital issues, needs to be addressed 
properly. Otherwise, it may adversely affect the derived results. Different methods 
which are being used by people are: 

 Removal of the records having missing data; 

 Replacement of missing value by corresponding attribute mean; 

 Replacement of the missing value by attribute median; 

 A  global constant may be used to fill in for missing values which seem not 
relevant to the decision attribute; 

 Use a data mining method. 

This study uses a bootstrap-based EMB algorithm [6] to perform multiple imputations 
for missing values. In this method, values are imputed for each missing value of the 
data set and m numbers of data sets without missing values are created. The 
observed values in these completed data sets are same, but the imputed or 
unobserved values are different for each data set. After analysing the imputed 
completed data sets, the results should be integrated. Different integration 
techniques are there to be followed [6], [7]. However, we propose here different 
approaches for analyzing imputed data sets; the details of which are discussed in 
section 5. These approaches may be helpful for utilizing the power of multiple 
imputations, reduced dimensionality and clustering. 

In multiple imputations imputed values are drawn randomly from the missing data 
distribution. Since missing data distribution are unobserved by definition, it is 
impossible to find the true distribution of it. Estimation of posterior distribution of 
missing values based on observed values is taken as a solution to this problem. A 
random draw has been made from this posterior to fill in values. Fig. 1 represents the 
schematic view of multiple imputations approach that uses EMB algorithm. As 
compared to list-wise deletion, ad-hoc mean imputation, this approach produces 
better results. The efficiency has been increased and the bias has been reduced more. 
In this technique it is assumed that the data are missing at random (MAR). It 
considers MAR, likelihood, law of iterated expectations, and a flat prior to compute 
posterior. Draws are taken from the posterior. The purpose of EM [8] algorithm is to 
find the mode of the posterior. This EMB algorithm is a combination of EM algorithm 
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with bootstrap approach. Draws are taken from posterior by using EMB algorithm. To 
simulate estimation uncertainty the data is bootstrapped in each draw. After that EM 
algorithm finds the mode of the posterior for the bootstrapped data, which also gives 
fundamental uncertainty [9]. After having draws of the posterior of the complete-
data parameters, imputations are done using observed part D(observed) and 
unobserved part  D( missing) as well as mean vector  and covariance matrix  with 
liner regression and multiple completed data sets are generated. After m sets of 
imputed data are generated, analysis are performed which produce m separate 
results. These separate results are then combined [6], [7] to have final results. 

 

 

 

Figure 8.1. Schema c View of Mul ple Imputa ons [6] 

 

8.4. Feature Selec on Techniques 

In recent years, dimension of data is increasing more and more. One of the main 
challenges to the machine learner is that  what to do with this huge amount of 
data. The approach, which is obvious, is to reduce the dimension of the data set. 
Selection of important features is one of the important steps for dimensionality 
reduction of the data set.  Redundant and irrelevant features must be removed to 
prevent any adverse effect for classifiers. Reduced data set will increase the 
efficiency of a classifier. The reduced data set represents all of the useful information 
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of the original data set. The performance of the best classifier may be poor if 
features are not selected properly [3], [10]. Some features are carrying more 
important information than others in a data set. Feature selection is useful for 
following reasons: 

 It reduces the dimension of the data set, which causes reduction of problem 
size, thus reducing computation time and space requirement for classifiers. 

 Removal of noisy, redundant and irrelevant features causes an improvement 
of performance of classifier. 

 Identification of relevant features for a specific problem. 

Principal component analysis [3], association rules [11], correlation-based feature 
subset selection [12], rough set theory [13] are some techniques which are used for 
this purpose. This work uses correlation-based feature subset selection (CFS) and 
rough set (RS) theory.  

 

8.4.A. Correla on-based Feature Subset Selec on (CFS) 

CFS uses following equation (Eq. 1.)  [14] to evaluate features. 

 

 
 

   =                      (1)    
 
 
        

 

where rfc, k, ,   and    are heuristic merit of a feature subset, number of features 
in the subset, the average feature-class correlation, the average feature-feature 
inter-correlation respectively. The heuristic is based on the hypothesis  good 
feature subsets are those containing features highly correlated with class, yet 
uncorrelated with each other. Test theory (Ghiselli, 1964) also uses the same 
principle to evaluate composite test for the prediction of an external variable of 
interest.  

 

 

  

 } 
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8.4.B. Rough Set Theory 

In medical domain uncertainties are prevalent due to several reasons. RS theory is 
very much useful in managing uncertainties. It is implemented for the purpose of 
discovering patterns in the data set, analyzing attribute dependency, reducing 
dimension of data set by selecting features of important and also for classification. 
This is the reason for which RS can be employed to identify relevant symptoms out 
of many that a patient is suffering from, for proper diagnosis of diseases.  

RS theory was proposed by Pawlak [15] in 1980, which deals with analysis and 
classification of incomplete and imprecise knowledge and regarded as one of the 
first approaches to analyze data. The basic idea is that a conventional set i.e. crisp 
set is formally approximated by means of lower and upper spaces, which represent 
objects which are definitely a part of subset of interest and objects which are 
possibly a part of subset of interest. Lower and upper approximations of every 
subset are known as rough set. An information system, I = (U,A), can be viewed as a 
two dimensional table, where U and A are universe of discourse and non-empty 
finite set of attributes respectively. Data represented by this information system are 
used by rough set. The basic concept of RS theory is indiscernibility relation, which is 
an equivalence relation between two or more objects in which attribute values are 
identical. For any P  A, the equivalence relation IND(P) is called P  indiscernibility 
relation. Let the target set be X  U and we wish to represent X using attribute 
subset P. Approximation of the target set X using only the information contained 
within P can be done by constructing P-lower (PX) and P-upper (PX) approximation of 
X. The tuple (PX, PX) is called rough set. The accuracy of the rough-set representation 
of the set X can be given [16] by the following (Eq. 2.): 

 

        P = | PX | / | PX |                           (2) 

 

Details of rough set theory are discussed in previous chapters. A reduct is a set of 
features which are jointly or individually useful to preserve the property of a given 
information table. Reduct generation is an important step to reduce the data set as 
well as to preserve certain properties to be used in future application. Intersection of 
all reducts 
classification power.  
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8.5. Applica ons 

Basically, this study consists of three stages: Generation of five sets of data using 
multiple imputations; and then the feature extraction and reduction phase by 
correlation-based feature selection (CFS) and rough set (RS);  and then classification 
phase by incremental back propagation learning networks (IBPLN), and Levenberg-
Marquardt (LM) algorithm.  

Two different approaches have been attempted. In one approach, namely Approach 
 I, after generating five imputed files, meaningful features are selected using CFS 

and RS as described in following section. After selecting features, each imputed file 
has been taken into consideration for classification using IBPLN and LM classifier. 
Results obtained from each imputed files are combined to obtain the final result. In 
another approach, namely Approach  II, after selecting features using RS five 
imputed files are integrated into a single file. During integration, the unobserved 
values remain same in the integrated file. For unobserved or imputed values, we 
take the mean values of the corresponding attributes in the imputed data sets for 
numeric attributes and for categorical attributes we consider the most likelihood 
values, based on five imputed data sets, in the final data set. This final data set is 
used for analysis using IBPLN and LM algorithms to obtain the final result. The 
schematic view of our system is shown in Fig. 8.2.  

 

 

 

 

 

 

 

 

 

   Figure 8.2. Block Diagram of a System for Hepa s Disease Diagnosis. 

 

UCI Hepatitis Disease Data Set Generating  Five Sets of Data 
Using Multiple Imputations 

Feature Extraction or Reduction 
using CFS and RS 

Classification using IBPLN and 
LM 

Results are Combined to Obtain 
the Final Result 

Classification using IBPLN and LM  

Preparing One Integrated File 

Final Result 
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8.6. Data Preprocessing 

One of the important steps for model development is data preprocessing. We 
completely randomize our data set. UCI hepatitis disease data set contains a number 
of missing values. This work implements multiple imputations using EMB algorithm 
to generate five completed data sets from the original data set containing missing 
values. Amelia [9] was used to generate five sets of filled data. During imputation to 
avoid outliers we apply certain range specifications for attribute values after 
consulting a physician [17]. Next, we apply CFS using WEKA [18], which generates 
five sets of reduced features for five completed data sets. Numbers of features in the 
five sets of reduced features for five imputed files are 8, 13, 9, 9, 9 respectively. Eight 
(8) common reduced features obtained from these sets are listed in Table 8.2(A) 
which are considered as reduced feature subset. Rough set using ROSETTA [19] was 
also implemented to extract reducts from all the five imputed data sets. 
algorithm was used to extract reducts from the imputed data sets. We extracted all 
reducts from the five imputed fil

 sets of reduct. After this extraction process we chose all the 
attributes appeared in these reducts as the reduced features. The seven reduced 
features obtained in this way are shown in Table 8.2(B).  The data sets are 
partitioned into three: Training set (68%), Validation set (16%), and Test set (16%) .  

        Table 8.2(A). Reduced Hepa s A ributes using CFS 

  # Name of the attributes 

1. SEX 

2. MALAISE 

3. SPIDERS 

4. ASCITES 

5. VARICES 

6. ALBUMIN 

7. BILIRUBIN 

8. HISTOLOGY 
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          Table 8.2(B). Reduced Hepa s A ributes using RS 
 

 

 

 

 

 

 

 

 

8.7. Ar cial Neural Network 

Human brain contains billion of cells, known as neurons, each of which is able to 
process information in the form of electric signals. Dendrites of neuron collect 
external input signals and pass it to the neuron cell body. This input signal is 
processed in neuron cell body to produce output signal, which is passed through 
axons to the next neuron. The next neuron in turn either processes it or rejects 
depending upon the strength of this signal. Artificial neural network (ANN) uses this 
behavior of human brain to solve complex patterns and prediction problems. Some 
advantages of ANN are: 

 the network can be implemented to solve non-linear and complex problems, 
which is very much useful as in real life the relationship between most of the 
inputs and outputs are non-linear and complex. 

 a trained ANN can predict output for unseen or unknown input data i.e. 
generalization can be achieved in ANN. 

 ANN does not require any restrictions to input data e.g. it does not impose 
any restrictions to the distribution of data. 

For these reasons, ANN can be implemented as an effective tool to diagnose 
diseases accurately. Details of ANN and the model of neurons are discussed in 
previous chapters. 

# Name of the attributes 

1. AGE 

2. STEROID 

3. BILLIRUBIN 

4. ALK PHOSPHATE 

5. SGOT 

6. ALBUMIN 

7. PROTIEN 
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8.8. Ar cial Neural Network Architecture 

Accuracy and generalizability should be considered as prime factors while selecting a 
model. Data preprocessing and deciding network architectures are two important 
steps in designing an intelligent model. Several network parameters except weights 
and topology of the network are to be fixed in design phase of the network. The 
validation data set would be useful to take all these decisions successfully [20], 
which tune the network topology or network parameters other than weights. 
Logistic function of the form    F(x) = 1/ (1+e-x) is used  in the hidden and output 
nodes in the proposed network. We use one input layer, one hidden layer, and one 
output layer as it is known that a network with one hidden layer and logistic function 
as the activation function at the hidden and output nodes is capable of 
approximating any function arbitrarily closely, provided that the number of hidden 
nodes are large enough [21]. To decide the number of neurons in hidden layer the 
formula proposed by Goa [22] and later modified by Huang et al. [23] are used. The 
formula which is derived by Huang et al. is as follows (Eq. 3.): 

 

s=  (0.43mn + 0.12n2 + 2.54m + 0.77n + 0.35) + 0.51      (3)  

  

where s is the number of neurons in hidden layer, m is the number of input, n is the 
number of output.  

In the present study, m = 8 if features are selected by using CFS and m = 7 if features 
are selected by using RS, n =2; and hence s= 6 after round off in both cases. So, in 
our study, we use six neurons at the hidden layer for all combinations. The 
corresponding network architecture (8-6-1) if the features are chosen by using CFS is 
shown in Figure 8.3.  Figure 8.4 represents the network architecture (7-6-1) if the 
features are chosen by using RS.  
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Figure 8.3. Network Architecture if Features are Selected using CFS 

 

 

Figure 8.4. Network Architecture if Features are Selected using RS 
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8.9. Training or Learning the Network  

Training data set is a part of our data which is used to adjust link weights and 
threshold values in order to improve the performance of the model. Many such 
algorithms are suggested in literatures. This work used incremental back propagation 
learning network and Levenberg - Marquardt algorithm. 

The bounded weight adaptation and structural adaptation learning rules are 
employed in incremental back propagation learning network algorithm. The learning 
process is constrained by initial knowledge. Back propagation rules of Rumelhart et 
al. [24] under certain constraints were used to train the network. The learning rules 
and the steps included in incremental back propagation learning network algorithm 
are discussed in previous chapters. 

The Levenberg  Marquardt algorithm is one of the most efficient techniques that 
switches between steepest descent algorithm and Gauss  Newton algorithm and 
takes the advantages of both as it is a combination of these two algorithms. Steps 
included in Levenberg  Marquardt algorithm are also discussed in earlier chapters. 

 

8.10. Modeling Results 

The classification algorithms using four combinations were implemented in Alyuda 
NeuroIntelligence [25]. All the mentioned tasks were executed on Intel Core Solo 
T1350 CPU (1.86GHz, 533MHz FSB, 2MB L2 cache) with 512MB DDR2 RAM.   

Table 8.3 shows the network structure, epochs, numbers of retains, and numbers of 
patterns used in training, validation and testing phases. As an overtraining control 
measure, we retain the copy of the network with the lowest validation error. 

Table 8.3. Network Parameters Applying to Wisconsin Hepa s Disease Dataset 

Classifiers 
Network structure 

Epochs(retrain) 
Numbers patterns 

I HL O Training Validation Testing 

CFS + IBPLN 8 6 1 2000(10) 109 23 23 

CFS + LM 8 6 1 2000(10) 109 23 23 

RS + IBPLN 7 6 1 2000(10) 109 23 23 

RS + LM 7 6 1 2000(10) 109 23 23 
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8.11. Performance Predic on Parameters 

Confusion matrix is used to evaluate the classification accuracy, sensitivity, specificity 
to predict the performance of the models. Area under ROC curve is also evaluated to 
predict the performance. These four benchmarking parameters are used as these are 
very important to predict the performance of an intelligent model without any 
knowledge of the distribution of data [26]. The formulations are as follows: 

 
 

Accuracy =   x 100%                          (4) 

 
 

Sensitivity =  x 100%                                     (5) 

 

Specificity =  x 100%                                     (6) 

 
 

where, TP, TN, FP, and FN denote true positives, true negatives, false positives, and 
false negatives respectively.  To measure the classification performance of diagnostic 
tests in biomedical research, the area under ROC curve plays an important role [27]. 
For two class problems AUC is regarded as one of the best methods of comparing 
classifiers.  

 

8.12. Experimental Results 

Table 8.4(A) , Table 8.4(B), Table 8.4(C) and Table 8.4(D) gives the results that we 
obtained from 100 simulations using four combinations CFS + IBPLN, CFS + LM, RS + 
IBPLN and RS + LM on five imputed files [28][29]. The results are then combined to 
obtain the final result. This technique is denoted as Approach - I. 

 

 

 

 

 

 



 171 Chapter 8 

Table 8.4(A). Results from 100 Simula ons 

Methods 

Imputation 
Number 

Test set ( CCR%) Specificity  

Highest 
( freq) 

Lowest 
( freq) Avg 

Grand 
Avg 

Highest 
( freq) 

Lowest 
( freq) Avg 

Grand 
Avg 

CFS + 
IBPLN 

IMP-1 100(1) 69.56(1) 88.17  
 

88.91 

100(35) 16.67(1) 80.18  
 

75.74 
IMP-2 100(4) 65.22(1) 88.8 100(35) 25(3) 79.97 
IMP-3 100(2) 73.91(3) 88.21 100(31) 25(2) 80.15 
IMP-4 100(6) 73.91(2) 90.13 100(46) 33.33(6) 81.74 
IMP-5 100(2) 78.26(8) 89.26 100(46) 33.33(3) 74.66 

CFS + 
LM 

IMP-1 100(3) 73.91(2) 89.65  
 

90.53 

100(36) 25(1) 87.45  
 

79.6 
IMP-2 100(7) 78.26(3) 90.61 100(39) 33.33(1) 85.05 
IMP-3 100(1) 73.91(1) 90.17 100(37) 25(1) 89.15 
IMP-4 100(13) 78.26(2) 91.91 100(53) 50(8) 82.86 
IMP-5 100(3) 78.26(3) 90.30 100(46) 33.33(2) 84.42 

 

 

 

Table 8.4(B). Results from 100 Simula ons 

Methods 
Imputation 

Number 
Sensitivity AUC 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 

avg 
Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

 CFS + 
IBPLN 

IMP-1 100(17) 75(1) 91.39  
 

91.78 

100(12) 58(1) 89  

IMP-2 100(21) 66.67(1) 91.89 100(14) 50(1) 86.85  
 

88.96 IMP-3 100(13) 75(2) 91.66 100(7) 51(1) 88.36 

IMP-4 100(25) 72.73(1) 92.65 100(15) 63(1) 91.24 

IMP-5 100(17) 76.19(3) 91.33 100(4) 66(1) 89.33 

CFS + 
LM 

IMP-1 100(19) 77.27(1) 92.31  
 

93.02 

100(9) 55(1) 87.4  
 

88.68 IMP-2 
100(23) 72.22(1) 93.29 100(14) 57(1) 88.55 

IMP-3 
100(22) 78.95(1) 93.17 100(8) 56(1) 88.83 

IMP-4 
100(30) 78.95(1) 93.9 100(22) 53(1) 91.26 

IMP-5
100(15) 77.78(1) 92.44 100(6) 60(1) 87.34 
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                                         Table 8.4(C). Results from100 Simula ons 

Methods 
Imputation 

Number 
Test set ( CCR%) Specificity  

Highest 
( freq) 

Lowest 
( freq) 

Avg Grand 
Avg 

Highest 
( freq) 

Lowest 
( freq) 

Avg Grand 
Avg 

RS + 
IBPLN 

IMP-1 100(4) 78.26(2) 88.51  
 

91.13 

100(45) 33.33(6) 82.38  
 

81.45 IMP-2 100(8) 78.26(2) 91.82 100(47) 25(1) 80.73 

IMP-3 100(13) 73.91(1) 91.25 100(50) 25(1) 82.2 

IMP-4 100(9) 78.26(2) 92.36 100(47) 20(1) 82.39 

IMP-5 100(5) 78.26(6) 91.71 100(41) 25(4) 79.54 

RS + 
LM 

IMP-1 100(11) 82.61(2) 92.61  
 

93.45 

100(59) 50(6) 90.22  
 

87.52 IMP-2 100(15) 86.96(13) 93.72 100(51) 33.33(1) 84.86 

IMP-3 100(14) 86.96(8) 93.8 100(68) 33.33(1) 91.51 
IMP-4 100(8) 86.96(14) 93.23 100(44) 33.33(3) 82.78 

IMP-5 
100(13) 86.96(10) 93.88 100(56) 33.33(2) 88.22 

 
 
 
 
 
 
 
 
 
 
 

                                          Table 8.4(D). Results from100 Simula ons 

Methods 
Imputation 

Number 
Sensitivity AUC  

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

RS + 
IBPLN 

IMP-1 100(12) 80(1) 90.08  
 

93.07 

100(12) 51(1) 89.02  
 

91.03 IMP-2 100(22) 83.33(3) 93.72 100(14) 53(1) 91.9 

IMP-3 100(29) 80.95(1) 92.99 100(21) 54(2) 91.96 

IMP-4 100(23) 77.27(1) 94.53 100(14) 56(1) 90.59 

IMP-5 100(20) 78.95(1) 94.03 100(10) 70(1) 91.67 

RS + 
LM 

IMP-1 100(20) 84.21(1) 93.41  
 

94.85 

100(18) 74(4) 90.18  
 

92.43 IMP-2 100(37) 83.33(3) 95.65 100(23) 70(1) 92.32 
IMP-3 100(36) 85(2) 94.68 100(30) 52(1) 91.18 

IMP-4 100(32) 85(2) 95.43 100(27) 71(2) 93.77 

IMP-5 
100(26) 83.33(1) 94.85 100(19) 79(1) 94.7 
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From the results of 100 simulations using four combinations it is evident that the 
combination RS + LM shows better performance in terms of correct classification 
accuracy (CCR), specificity, sensitivity, and area under ROC curve. All the methods 
provide 100% accuracy as the highest performance. The lowest classification 
accuracy for the combination RS + LM is 82.61% 

In another approach denoted as Approach-II we integrate five imputed files into a 
single file. Analysis was performed on this file using two combinations RS + IBPLN 
and RS + LM. Compiled results of 100 simulations for this approach are shown in 
Table 8.4(E) and in Table 8.4(F). 

 

                              Table 8.4(E). Results from100 Simula ons 
Methods 

Test set ( CCR%) Specificity 

Highest  
(freq) 

Lowest 
(freq) 

Avg Highest    
(freq) 

Lowest 
(freq) 

Avg 

RS + 
IBPLN 

100(9) 73.91(1) 92.17 100(43) 28.57(1) 80.49 

RS + 
LM 

100(17) 86.96(1) 94.61 100(49) 33.33(1) 85.17 

 

                              Table 8.4(F). Results from100 Simula ons 
Methods 

Sensitivity Area Under ROC Curve (AUC) 

Highest  
(freq) 

Lowest 
(freq) 

Avg Highest    
(freq) 

Lowest 
(freq) 

Average 

RS + 
IBPLN 

100(34) 72.2(1) 94.78 100(20) 80(2) 94.7 

RS + LM 100(41) 89.47(1) 96.60 100(34) 81(1) 95.66 
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Observations which are noted as follows : 

 Out of  different approaches as mentioned above, RS +LM implemented on 
integrated file, as described in approach-II, performs better in terms of 
CCR, sensitivity, specificity and AUC.  

 100% classification accuracy was achieved as the best performance for all 
the methods described here. The lowest CCR is 86.96% for the 
combination RS + LM in approach-II. 

 Table 8.5 shows the comparative study of our results with other studies 
[4]. It is evident that the method RS + LM on integrated file outperforms all 
other methods, used in similar studies.  

 
 

Table 8.5. 
Comparison of Accuracies of Di erent Methods Applied in Hepa s Disease Diagnosis 

Hepatitis 
disease 

KNN Naïve Bays SVM FDT PSO CBR-PSO RS- LM 
Approach-II 

Best 89.86% 86.35% 90.31% 78.15% 89.46% 94.58% 100% 

Lowest 70.29% 66.94% 65.22% 61.49% 75.35% 77.16% 86.96% 

Average 83.45% 82.05% 86.92% 75.39% 82.66% 92.83% 94.61% 

 

 

 

8.12. Conclusion 

This work implements CFS and RS based feature selection techniques to extract 
features from UCI hepatitis disease data set. In Approach-II, imputed files obtained 
as a result of multiple imputations were combined into a single file and Levenberg 
Marquardt algorithm was used as classifier to obtain a better result in comparison to 
other results including Neshat et al. [4]. Lowest performance is also recorded in this 
work as in medical diagnosis it should also be a judging parameter for performance 
prediction. Much of the previous literatures do not clearly specify about the result, 
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whether it was a best simulation product or average of several simulations. So the 
highest, lowest and average performances of the methods are presented in this 
work.  

We suggest that a combination of seven reduced features (Age, Steroid, Billirubin, 
Alk Phosphate, SGOT, Albumin, Protien) obtained by implementing rough set based 
feature selection technique, might be important to doctors while taking final 
decision. The techniques used here could be applied to other diseases. 
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