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Abstract — An improved extended classification system (XCS) is proposed in this paper to initially diagnose diseases. Extended 

classification systems are known as one of the most successful learning agents in the field of artificial intelligence. They are 

comprised of a set of simple rules with “condition-action” format, which predict a special reaction (disease in this case) 

according to information acquired from the environment. This set of rules is completed during time in an interaction with data 

from the real world, with their prediction accuracy being improved gradually. This evolution is often done using patterns that 

are inspired from the nature, like genetic algorithm. The method suggested here is based on dual application of real (and usually 

limited) data within a supervised learning process of the set of rules. Having provided the training data to the system and having 

updated specifications of its rules, these data are transformed into new data using crossover operator which give new 

information about the environment and the existing patterns in it. This techniques needs shorter process time, so it will increase 

convergence rate of the training process for the system under study
1
. 
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I. INTRODUCTION 

Daily increasing clinical data and patients’ records in the 

medical centers will enrich the existing information about 

different diseases, while make searching them rather difficult. 

Therefore, application of data mining techniques in the 

medicine has been transformed into an indispensable expertise 

which has been extensively studied during the recent years. A 

physician is responsible final disease diagnosis considering 

symptoms of disease, patient’s history and test results. 

Considering the great number of people who suffer from blood 

fat with mild effects such that the patients are usually unaware 

of their disease, however existence of some systems which are 

able to diagnose the disease at its initial steps of progress 

consuming a little time and money, could be effective in 

prevention of hazardous effects of these diseases in the future. 

For the special case of blood fat, these effects may include 

ocular, skin, kidney and neural disorders, as well as diabetes, 

spinal and cardiovascular lesions [1]. For this purpose, various 

systems have been developed to contribute to early diagnosis 

of diseases. Most of them are based on techniques to discover 

the existing patterns among the data and to perform in 

predicting new issues at an acceptable accuracy. Most of these 

systems are based on “machine learning” approaches. 

A wide range of training techniques have been introduced in 

the field of “machine learning” (either supervised or not) to 

make computer needless of searching through a great volume 

of information and data. In this regard, those methods which 

work based on a set of rules (classifiers), are accounted for one 

of the most successful ones. They address conditions of a part 

of problem domain from a limited set of rules with “condition-

action” format which indicate a subset of the dominant rules 

on the environmental behavior (i.e. disease), while actions 

represent system diagnosis. Each rule provides a potential 

solution for the problem under study. These rules are 

completed gradually by applying a reinforcement learning 

strategy which is inspired from the learning process in 

intelligent beings to be transformed into a meaningful and 

rather expert set. 

The first intelligent classification system developed by 

Holland (LCS) was designed to work for both single and 

continuous problems. This classification learning system is a 

sample machine learning which combines temporal differences 

and learning supervisions with genetic algorithm and adopts to 

solve simple and complicated problems. Based on the 

supervision provided by Holland, LCS system uses a single 

property called power for each of the classifiers. Power of a 

classifier is indicative of its affectivity and is exclusively 

determined by the percentage of correlation the answer has 

with the expected answers. These criteria are known with 

principles which are discussed in the supervised training. 

Some other types (e.g. improved XCS) are developed after 

first introduction of the main LCS. Before 1995, when the 

classification system was not introduced, ability of a classifier 

to find proper answers was effective on reinforcement system 

of them. Thereby, basic and simple classification systems were 

gradually transformed into more accurate decision making 

factors. It is currently believed that the improved XCS is able 

to solve even more complicated problems with no need to 

further modify the parameters. This system is thus accounted 

for the most successful learning system. Application of 

improved XCS is studied in this paper for diagnosis of blood 

fat disease, and its results are compared with other algorithms 

including AD Tree, BSK, ANN, C4.5, SVM, Kstar and classic 

XCS. It is also shown that error of the proposed method is 

much smaller than the abovementioned algorithms. 
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A. Behavior Knowledge Space (BKS) Method 

This method has two steps: first, a knowledge space or search 

table is made using the set of training data and then, the data 

sample “x” is classified with respect to this search table. The 

output results do not need to be independent in this approach 

[2]. For example, if outputs of three classifiers for 40 trained 

samples are denoted as classes of {A1,A2,A3}, which contain 

20, 5 and 15 samples, respectively, the class label with the 

most repetition will be chosen for the new sample “X”. 

However, it must be noted that this method can provide 

acceptable performance having a very large training data set, 

as all the combined states will be obtained in the search table 

[3]. As a result, this method does not provide good answers for 

the problems which incorporate small number of test samples 

[2]. 

 

B. SVM Method 

SVM is a method for classification of linear and nonlinear 

data. It first uses a nonlinear mapping to transform the initial 

data into higher dimensions. Afterwards, it searches the new 

dimension for the best separator metaplane. This metaplane 

includes a decision tree that separates records of one class 

from those of other classes. With a nonlinear mapping of 

adequately larger dimensions, the data belonging to various 

classes would be easily separated by a separator metaplane. 

SVM finds this metaplane by using support and margin vectors 

which are defined by the support vectors. There are not several 

decision boundaries for separation of the data which are 

associated with various classes, but one may seek to find the 

decision boundary or the separator metaplane with maximum 

margin (MMH). This is expected to separate the data with 

higher accuracy and lower error. The data is called linear when 

it can be separated by a linear decision boundary. In cases 

when the data is nonlinear, no direct line can separate data of 

various classes from each other. For the data which can be 

separated linearly, the support vectors are a subset of the 

learning records and are located on the margins. However, the 

case is a bit different with the nonlinear data. The approach 

used for a linear SVM cannot be extended to develop a 

nonlinear SVM. Such SVM may find a nonlinear decision 

boundary for the input space. There are two major steps in 

extension of this approach. The first step uses a nonlinear 

mapping to transfer the input data to one higher dimension. 

There are numerous nonlinear mapping methods which can be 

used for this purpose. Once the data is mapped into space of 

higher dimensions, the second step will look in the new space 

for a linear separator metaplane. Finally, a quadratic 

optimization problem will be obtained which can be solved by 

linear SVM formula. MMH found in the new space indicates 

the nonlinear metaplane in the initial space [4]. 

C. AD Tree Method 

AD Tree algorithm creates an optimal tree structure for 

responding to counting reports. In other words, it returns the 

number of records which meets a specific combination of 

properties and their values. Each property is given an index for 

making AD Tree. The root node has a zero index and keeps 

the number of existing records in the data set. All of the 

properties are expanded from the root node with the following 

two limitations for expansion of other nodes from each node: 

a) For each node, expansion with the maximum records is 

eliminated. 

b) Expansions with zero value are eliminated. 

This tree does not save all the possible values correctly. 

Instead, the remaining combinations can be recovered from the 

existing nodes. 

 

D. Kstar Algorithm 

Kstar algorithm is a sample-based learner which classifies 

every new record through comparing it with the available 

classification records in the data base. This algorithm 

presumes that the similar samples have similar classes. There 

are two basic sample-based learning components including 

distance function which determines similarity of the samples to 

each other, and classification function which defines how 

similarity of the samples would lead to a final classification for 

the new sample. Kstar algorithm is among lazy learners of the 

K-nearest neighborhood which uses fatigue to determine 

distance or similarity between the samples. The approach 

adopted by this algorithm to measure the distance between two 

samples is somehow derived from information theory. In this 

regard, the distance between two samples includes the 

complexity in transformation of one sample to another. 

Complexity is calculated in two steps. A constant set of 

transformations, which map some samples to some other ones, 

are defined first. A program for transformation of sample “a” 

to sample “b” is a constant series of transformations starting 

from “a” and ending to “b”. Such programs are made by 

adding a termination sign to each sequence. Generic definition 

for complexity of a program involves length of its shortest 

displayer sequence. In this regard, the distance between two 

samples is length of the shortest sequence which transforms 

two samples to each other. This approach concentrates on a 

transformation (the shortest one) among the possible 

transformations [5]. 
 

II. INTRODUCTION OF THE PROPOSED METHOD 

In this method, the limited set of training data are generally 

used to modify specifications of the rules (i.e. “prediction”, 

“prediction error” and “fitness”). This is done using the 

following equations: 

3.1. Updating Prediction and Prediction Error 

If  expi < 1/β   then Pi =Pi + (R-Pi) / expi, εi= εi+(|R-Pi|- εi) / 

expi 
If  expi ≥ 1/β   then Pi =Pi + β (R-Pi), εi= εi+ β (|R-Pi|- εi) 

3.2. Updating Fitness 

If  εi < ε0  then  ki=1 

If  εi ≥ ε0  then  ki= β (εi/ε0)
 –γ 

Fi = fi+ β [(ki/∑kj) – fi] 
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Where,  is the learning rate,  is the accuracy power of the 

rule,  is the prediction error,  is the experience of rule.  

denotes the prediction of rule, while  denotes the reward 

received from environment.  is the accuracy of rule, and  is 

its fitness. Index  represents the number of rule in the set of 

rules. 

In the next step and for development of the variety in the data 

set, “stochastic selection with remainder” was used among the 

sequences which indicate condition part of the existing data, to 

select several pairs as the parent. At the same time, condition 

part of the new data is also generated using a nonlinear 

mapping from space of the conditional variables toward space 

of the performances by the existing data. 

Diversification to the existing data continues until the 

termination condition (e.g. when percentage of the correct 

answers to the test data reaches a predefined threshold) is met 

by the completed data.[6] 

 

III. CASE STUDY 

Information of blood fat disease among a group of women 

under study from data bases of California University (Irvine) 

are used in this section to address performance and efficiency 

of the proposed method [7]. 

The information include six characteristics of the women 

under study, including age, disease background in family, 

blood concentrations, weight, gender, number of parturition(s). 

These characteristics are given for diagnosis of this disease. 

This database collects the information from 400 healthy 

women and 200 older than 30 years women suffering from 

blood fat. Thereby, 500 observations were selected as the 

training examples and given to the system for training, while 

the other 100 observations were used for testing the trained 

rules. Having prepared the data, the training examples are run 

on the generated rules. By doing this, the existing parameters 

and information in properties of the available database will 

update the rules. After the training phase, each method was 

applied for 10 times on the test data set, with their results 

being presented. Table I lists average of the obtained results. 

By using these trained rules, one may predict disease diagnosis 

in the test data. 

 
TABLE I 

. Comparison of performance for five different algorithms in diagnosis of 

blood fat disease 

C4.5 Kstar SVM 
AD 

Tree 
BSK ANN 

Classic 

XCS 

Improved 

XCS 

84.19

% 

75.49

% 

81.86

% 

78.29

% 

89.57

% 

78.64

% 

85.79

% 
91.27% 

 

IV. CONCLUSION 

An improved extended classification system (XCS) is 

proposed in this paper to initially diagnose diseases based on 

clinical symptoms and patient’s history. A new version of 

these systems, performances of which are improved by dual 

application of the limited data, was introduced. The problem 

of blood fat disease diagnosis in women patients was 

investigated based on the real data which exist in the data 

bases of California University (Irvine). The results of this 

research demonstrated that the suggested method outperforms 

other conventional techniques in terms of convergence rate 

and accuracy. Successful application of such methods implies 

that initial and early diagnosis of a significant contribution of 

common diseases in the society will be possible in the near 

future by consuming a little money, at an acceptable accuracy 

and with no need to specialist physicians.  
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