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In this work a framework for the development and tuning of a fuzzy expert system is 
proposed. Given an initial set of crisp rules, the methodology consists of three steps: (a) 
disjunctive normal form representation of the crisp rules, (b) creation of a fuzzy model 
and (c) tuning of the model using a global optimization method. The proposed 
methodology is evaluated in the arrhythmia classification problem, using only the RR 
interval signal. Expert cardiologists determined an initial set of rules, which is used for 
the creation of a fuzzy model. Four types of cardiac rhythms are classified: normal sinus 
rhythm, ventricular flutter/fibrillation, premature ventricular contractions and 2o heart 
block. The results indicate sensitivity (average for all categories) 94%, specificity 98% 
and positive predictive value 94%.  

1.   Introduction 

Expert systems are a branch of artificial intelligence that makes extensive use of 
specialized knowledge, usually represented in a rule-based manner, to solve 
problems at the level of a human expert [1]. An expert system is created defining 
a crisp model (set of rules) and then tuning its parameters. Mathematical 
optimization techniques are a powerful tool for the tuning of the parameters of a 
model. Fuzzy logic can be used for the management of the uncertainty and 
fuzziness of the rules [2].  

Several approaches have been proposed in the literature for the development 
of fuzzy models. Most of them combine a classification model with a known 
optimization technique: fuzzy rules with genetic algorithms [3], fuzzy rules with 
simulated annealing [4] and multicriteria decision analysis with genetic 
algorithms [5]. Most of the proposed methods use a “derivative-free” 
optimization method (genetic algorithms, simulated annealing), due to the fact 
that analytical formulas of the derivatives are not available.  
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In this work a three-step framework for the creation of a fuzzy expert system 
(FES) is proposed. The system is based on several rules, provided by experts. In 
the first step the crisp rules are represented in a disjunctive normal form (DNF). 
In step 2, a fuzzy model is created by transforming the crisp rules into fuzzy, 
ones, using the sigmoid function. The binary AND  and OR operators are 
transformed into fuzzy operators, using algebraic product and probabilistic OR  
functions. The model is tuned (step 3), finding the optimal parameters for the 
sigmoid function, forming the fuzzy expert system. The proposed methodology 
is evaluated using a medical problem, the arrhythmic beat classification [6,7,8] 
of ECG recordings.  

2.   Materials and Methods 

2.1.   DNF Representation 

Each crisp rule iR , 1i ,...,M= , is comprised from a set of simple rules i , jr , 
1j ,...,m= . A simple crisp rule is defined as: 

( ) ( )θ θl l
i , j i , j c i , j i , jr d , g f ( d ),= ,  (1) 

where i , jf ( )⋅  is a function of the data ld  entering the model, θi , j  is a threshold 

and ( )cg ⋅  is the crisp membership function, defined as: 
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where θi  is a vector containing all thresholds used in the thi  rule 

{ }( )θ θ   1 τi i , j , j ,...,= = . Each rule ( )θl
i iR d ,  is formed in a DNF 

representation, i.e. as a disjunction (sequence of OR ) of conjunctions (sequence 
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of AND ). This form is chosen because every logical expression, consisting of a 
combination of AND , OR  and NOT  binary operators, can be transformed to a 
DNF logical expression, therefore, every set of rules, defined for a specific 
problem, can be written in this form. 

The classification of cardiac arrhythmias is performed using only the RR 
interval duration signal, which is extracted from ECG recordings with QRS 
detection [9,10]. A three RR interval sliding window [ ]1 2 3RR ,RR ,RR  is used to 

classify the middle RR interval ( 2RR ) into one of the four categories: (1) 
ventricular flutter/fibrillation (VF), (2) premature ventricular contraction (PVC), 
(3) normal sinus rhythm (N) and (4) 2o heart block (BII). 

The dataset is { }l lD d ,c=  with [ ]1 2 3
lld RR ,RR ,RR= , the thl  three RR 

interval window and lc  the class of the middle RR interval ( 2RR ). The class lc  

is represented as { }40 1lc ,∈ , where, if ld  belongs to class i , then l
ic e= . The 

MIT-BIH arrhythmia database [11] is used to create windows of three 
consecutive RR  intervals and define their class lc . All beats from all records 
from the MIT-BIH arrhythmia database are used for the creation of the dataset 
D , excluding only 2 beats at the start and 2 beats at the end of each record due 
to the window length, which is used in the method. Both rhythm and beat 
annotations from the database are used to specify the class of a window, 
following the scheme: 
• If 2RR  is annotated as ventricular flutter/fibrillation, then [ ]1 0 0 0lc , , ,= . 

• Else if 2RR  is annotated as PVC then [ ]0 1 0 0lc , , ,= .  

• Else if 2RR  belongs to 2o heart block episode, then [ ]0 0 0 1lc , , ,= . 

• Else [ ]0 0 1 0lc , , ,= . 
Three rules are used for the classification: 

Rule 1: Ventricular flutter/fibrillation. If one of the following conditions is 
true then the middle RR interval of the window is classified into the VF 
category: 

1. ( ) ( ) ( )1 1 1 2 1 1 3 1 1θ   θ   θ, , ,RR AND RR AND RR< < <  

2. 1 2 3 1 2θ ,RR RR RR+ + <  

Rule 2: Premature ventricular contractions. If one of the following conditions 
is true then the middle RR interval of the window is classified as PVC:  

1. ( ) ( )1 2 2 1 3 2 2 2θ   θ, ,RR / RR AND RR / RR> >  
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2. ( ) ( )3 1 2 3 1 2 2 4θ   θ, ,RR / RR AND RR / RR> >  

3. ( ) ( ) ( )( )1 2 2 5 2 2 6 3 1 2 2 7θ θ 2 θ, , ,RR RR AND RR AND RR / RR RR− < < + <  

4. ( ) ( ) ( )( )1 2 2 5 2 2 6 3 1 2 2 7θ θ 2 θ, , ,RR RR AND RR AND RR / RR RR− < < + <  

Rule 3: 2o heart block. If one of the following conditions is true then the 
middle RR interval of the window is classified into BII category: 

1. ( ) ( )2 3 1 3 2 1 2 3 3θ θ θ, , ,RR , AND RR RR∈ − <    

2. ( ) ( )2 3 1 3 2 2 3 3 3θ θ θ, , ,RR , AND RR RR∈ − <    

The ( )1 1θlR d , , ( )2 2θlR d ,  and ( )3 3θlR d ,  crisp rules, which comprise the crisp 
model, in DNF representation are: 
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with { }1 1 1 1 2θ θ θ, ,,= , { }2 2θ θ 1 7, j , j ,...,= =  and { }3 3 1 3 2 3 3θ θ θ θ, , ,, ,= .
 
 

2.2.   Fuzzy Model 

To transform the crisp rules into fuzzy, the sigmoid function is used as fuzzy 
membership function and the algebraic product and probabilistic OR  functions, 
which are continuous equivalents of the binary AND  and OR  operators: 
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 (sigmoid function), (5) 
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The ( )1 1θlR d , , ( )2 2θlR d ,  and ( )3 3θlR d ,  fuzzy rules, for the arrhythmia 
classification problem, are defined as: 
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The final decision for each ( )θl
i iR d ,  rule is made as follows: if the maximum 
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value of the results of the three rules is less or equal to 4θ  then ld  is classified 
as normal sinus rhythm (category 3). If the maximum value of the results of the 
three rules is more than 4θ  then the ld  is classified in the category of the rule 
that has the maximum result. 
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where { }1 2 3 4Θ θ θ θ θ, , ,= . 

2.3.   Optimization 

Formulating the training process of a model as an optimization problem is a 
common practice in order to construct efficient classification expert systems. 
The fuzzy model ( )Θl

fM d ,  is optimized using a training dataset ( trainD ), 
which is a randomly selected subset of D , containing 250 patterns from each 
class. Thus, the size of the training dataset is 1000. The mean square error 
(MSE) cost function is used: 

( ) ( )
1000

1

1Θ Θ
1000

l l
MSE train f

l
F D , M d , c

=

= −∑ . (10) 

The optimization method used is the HTMLSL [12], a stochastic algorithm 
based on MLSL. The algorithm attempts to find all local minima of an objective 
function ( )F x  inside a bounded set nS ⊂ ΅ , that are potentially global. These 
local minima are obtained by a local-search procedure, starting from suitably 
chosen points in a properly maintained sample. Stochastic algorithms in the 
framework of multistart suffer from the problem of recovering the same local 
minima repeatedly, a fact that diminishes their efficiency. MLSL is constructed 
in such a way so as to avoid this undesirable repetition. At the thk  iteration:  

1. Construct a sample selecting at random N  points from S  and 
evaluate the objective function for each point.  

2. Choose from the sample a subset of points to be used as start 
points for local searches.  
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3. Perform a local search from each start point. If a new minimum 
is discovered store it.  

4. Determine whether to stop or not. If not, repeat from step 1.  
From the stored local minima the one with the lowest value might be the global 
minimum. The HTMLSL algorithm utilizes the information from the first 
derivatives on the local optimization step. 

3.   Results 

The fuzzy expert system is evaluated with the test dataset ( testD ) consisting of 
the remaining patterns of D  after selecting trainD  ( test trainD D D= − ). 20 
different pairs of trainD  and testD  are created. The HTMLSL algorithm is set to 
perform a maximum of 10000 iterations. The optimization process has a total 
runtime less than 10 seconds on a Pentium 4 processor. The mean confusion 
matrix (the mean value of the 20 confusion matrices) is then computed and it is 
presented in Table 1. Sensitivity, specificity and positive predictive value, for the 
mean confusion matrix is also calculated and presented in Table 2. 
 

Table 1. Confusion matrix for the arrhythmia classification problem (%). 
 

 AF PVC N BII 

AF 89.87 1.08 0.43 0.00 

PVC 0.36 81.54 3.79 0.24 

N 0.50 17.08 95.57 0.78 

BII 0.00 0.00 0.16 98.98 
 

Table 2. Sensitivity, specificity and positive predictive value (%). 
 

 AF PVC N BII 

Sensitivity 99.05 81.79 95.62 98.98 

Specificity 99.50 98.49 93.68 99.94 

Positive Predictive Value 98.35 94.89 83.88 99.84 
 

4.   Discussion and conclusions 

The proposed methodology describes a three-step procedure for the creation of a 
fuzzy expert system: (a) DNF representation of the crisp rules, (b) creation of the 
fuzzy model and (c) tuning of the model using global optimization. The initial 
set of crisp rules could be provided by experts or automatically extracted using 
data mining. Given the initial set of rules, the proposed methodology can 
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produce an expert system, for any given problem. This is a major advantage, 
comparing to other similar methodologies proposed in the literature, which, in 
most of the cases, deal with a certain problem and do not provide a general 
framework. Also, the formulation of the fuzzy model provides with analytical 
forms of the derivatives of the fuzzy model, which is a very helpful for the 
optimization step. 

The proposed methodology is tested in order to produce an expert system for 
the arrhythmia classification problem with high efficiency. This expert system 
uses only the RR interval signal, which is easy to extract from ECG recordings, 
on the contrary to other time-consuming ECG processing techniques used. 
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