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ABSTRACT 
The logical thinking of medical practitioners play significant 

role in decision making about diagnosis and exhibit variation 

in decisions because of their approaches to deal with 

uncertainties and vagueness in the knowledge and 

information. Fuzzy logic has proved to be the remarkable tool 

for building intelligent decision making systems for 

approximate reasoning that can appropriately handle both the 

uncertainty and imprecision. The attempt has been made to 

explore the capabilities and potentialities of fuzzy expert 

systems for the emulation of thought in a much more general 

sense although confined to medical diagnosis. Generic 

medical fuzzy expert system for diagnosis of cardiac diseases 

is designed. Mathematical model is developed to predict the 

risk of heart disease and to compare with the performance of 

fuzzy expert system. Reported the user friendly decision 

support system developed for medical practitioners as well as 

patients. A mathematical model is developed to justify 

performance of fuzzy expert system. 
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1. INTRODUCTION 
The diagnostic decision depends upon experience, expertise 

and perception of the medical practitioner. Fuzzy logic 

presents powerful reasoning methods that can handle 

uncertainties and vagueness. The Fuzzy Expert Systems (FES) 

define imprecise knowledge and offers linguistic concept with 

excellent approximation to medical texts.2 Fuzzy logic is a 

method to render precise what is imprecise in the world of 

medicine. FES play an important role in medicine for 

symptomatic diagnostic remedies. The technocrats identified 

potential and possible areas for implementation of FES for 

medical diagnosis. Also, the efforts have been made by 

various researchers to establish a roadmap to forecast the 

future developments of expert systems in medical diagnosis. 

The computer based diagnostic tools and knowledge base 

certainly helps for early diagnosis of diseases. The 

development of web based applications and interfaces enabled 

the medical practitioners to share their experiences and 

expertise across the world.  In review of the literature 

concerned with fuzzy expert systems applied to medical 

domain, it appears that there is a need for common framework 

that can be used for development of fuzzy expert system for 

any medical domain. The aim of this paper is to report the 

generic fuzzy expert system model that can be used to design 

specific fuzzy expert system for particular medical domain. 

An example of cardiac disease diagnosis is illustrated in 

support to describe the concept. The literature review reveals 

that the mathematical model developed is the pioneer attempt 

to predict the risk of heart disease and used to compare the 

performance of fuzzy expert system.  

 

2. REVIEW OF LITERATURE 
The literature published upon FES in medical diagnosis 

encompasses a wide spectrum including reviews, applications, 

innovations, conceptual studies and development of 

diagnostic tools. In the earlier reported studies, the need, 

importance, potential, necessity of fuzzification and 

approaches for designing of medical diagnosis expert systems 

are discussed.4,5,14,25 The communications between medical 

scientists and computer engineers have lead to an 

interdisciplinary advance in the development of intelligent 

supporting tools and systems.6 Computer assisted applications 

for patient’s diagnosis and treatments seems to be the more 

recent area of interest.3,7,30,32-33 The Fuzzy Expert System has 

proved its usefulness significantly in the medical diagnosis for 

the quantitative analysis and qualitative evaluation of medical 

data, consequently achieving the correctness of results. 

 

The expert system shells come equipped with an inference 

mechanism (backward chaining, forward chaining or both) 

and require knowledge to be entered according to a specified 

format. The object oriented expert system shells are also 

developed to link the external databases with expert systems. 

The literature survey reveals that, the commercially available 

expert system shells are rigorously used to write the 

application specific rule-bases. The expert system shells are 

reported for automatic generation of fuzzy expert systems 

with reference to typical diseases and decision support 

systems. It has been found that the frameworks are developed 

for generation of a fuzzy expert systems with respect to 

specific diseases, general purpose diagnostic systems as well 

as for counseling of personal health.10,27,29 The architectures 

are proposed for the implementation and improving 

performance of a rule based diagnostic decision support 

systems related to medical diagnosis.15,19,28  The powerful, 

generic as well as hybrid expert systems for diagnosis and 

remodeling of existing systems are also been reported.1,12 The 

design of expert system frameworks for medical treatment and 

prevention of high risks related with the human health 

widened the scope for implementation of fuzzy concept in 

medical field.17 The studies on probabilistic interpretation and 

statistical analysis of medical data have been presented.21 

Medical decision support systems are designed in the form of 

large scale expert system shells and used for augmenting large 

knowledge bases.9,23 Suitability of the computer systems using 

fuzzy methods and computerized monitoring and medical 

decision making systems have been reported.8,11,13,26,31 Fuzzy 

frameworks are also developed for the medical imaging, 

interface program designing and knowledge mining.16,18,20 

The novel object oriented frameworks to construct fuzzy 

expert systems are proposed.22,25 The expert system shells and 
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frameworks are developed and utilized so far for the tasks of 

quantifying medical concepts, data interpretation and 

constructing inferential knowledge from the knowledge bases.  

 

3. PROPOSED ARCHITECTURE OF 

GENERIC FUZZY EXPERT SYSTEM 

FOR MEDICAL DIAGNOSIS 
The modeling of any fuzzy expert system generally comprises 

the following steps: 

(i) Selection of relevant input and output parameters 

(ii) Choosing of appropriate membership functions, fuzzy 

operators, reasoning mechanisms and 

(iii) Choosing of specific type of fuzzy inference system 

(iv) Formulation of rule base 

Figure 1 represents the architecture of a proposed generic 

fuzzy expert system showing the flow of data through the 

system. It consists of mainly GUI, knowledge acquisition, 

knowledge base and inference engine modules. The fuzzy 

expert system being generic, its GUI module offers user to 

populate the knowledge base as and when required. User can 

refer and select the relevant clinical parameters and symptoms 

from the knowledge base to converge to the inference. The 

knowledge acquisition module allows user to seek the inputs 

as well as to build the new domain knowledge. The input 

variables are fuzzified whereby the membership functions 

defined on the input variables are applied to their actual 

values, to determine the degree of truth for each rule 

antecedent. The fuzzy rule base is characterized in the form of 

if-then rules in which the antecedents and consequents involve 

linguistic variables. The truth value for the antecedent of each 

rule is identified and applied to the consequent part of each 

rule. This results in one fuzzy subset to be assigned to each 

output variable for each rule. By using suitable aggregation 

procedure, all the fuzzy subsets assigned to each output 

variable are combined together to form a single fuzzy subset 

for each output variable. Finally, defuzzification is applied to 

convert the fuzzy output set to a crisp output. The basic fuzzy 

inference system can take either fuzzy inputs or crisp inputs, 

but the outputs it produces are always fuzzy sets. The 

defuzzification task extracts the crisp output that best 

represents the fuzzy set. With crisp inputs and outputs, a fuzzy 

inference system implements a nonlinear mapping from its 

input space to output space through a number of fuzzy ‘if-

then’ rules. Figure 2 represents the elements of fuzzy expert 

system showing hierarchy of various modules in the 

application. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4. DESIGN   OF   GENERIC   FUZZY 

EXPERT SYSTEM FOR CARDIAC 

DISEASES DIAGNOSIS 
The generic fuzzy expert system consists of a smart user 

interface that enables user to select the appropriate symptoms. 

The system accepts physiological inputs specific to the 

patients as shown in Figure 3. The system also accepts the 

laboratory readings, electrocardiogram observations and x-ray 

observations. Table 1 shows the types of inputs the fuzzy 

expert system accepts. Figure 4 shows the form designed for 

knowledge base modification and rules generator mechanism. 

Figure 5 shows the form for selection of clinical parameters 

and symptoms. The MatLab fuzzy logic toolbox was used to 

simulate the medical diagnosis application. The input 

variables considered are age, blood pressure, cholesterol, heart 

rate, blood sugar, sex, ECG, old peak and the thallium scan. 

Membership values are assigned to the linguistic variables 

such as symptoms low, medium, high, very high. The patient 

data is stored in a database and knowledge is retrieved from 

the knowledge base by matching the symptoms and their 

severity against the antecedent part of fuzzy rules in 

knowledge base to make the decision as the disease name or 

the risk of the disease. The fuzzy decision value is defuzzified 

by the defuzzification component of the designed system to 

finally arrive at a crisp decision for the disease diagnosis. The 

output parameter considered is the presence of heart disease in 

patient. Membership functions of all the input and output 

parameters are designed. 

Table 1 Types of inputs 
Habits Pain Loss Swelling Blood in Feeling 

Drinks 

Hyper- 

tension 

No 

Exercise 

Smoking  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Abdomen 

Back 

Bone 

Chest 

Face 

Head 

Jaw 

Joints 

Legs 

Neck 

Tooth 

Appetite 

Hearing 

Vision 

Weight 

  

  

  

  

Ankle 

Face 

Feet 

Hand 

Legs  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Cough 

Stool 

Urine 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Acidity 

Anxiety 

Frequent 

Urination 

Breathing 

Trouble 

Chills 

Cough 

Cold 

Depression 

Dizziness 

Etching 

Fever 

Blocked 

Urination 

Indigestion 

Nausea 

Rash 

Ringing Ear 

Sore 

Sweating 

Thirsty 

Tired 

Weakness 
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Fig 1: Architecture of proposed generic fuzzy expert system 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2: Hierarchy of elements of fuzzy expert system 
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Fig 3: Selection of physiological parameters and symptoms 

 

 

 
Fig 4: Parameters editing and rules generation 

 

 

Fig 5: Selection of clinical parameters and symptoms 

 

 

4.1 Membership Functions of Systolic Blood Pressure 

Blood pressure is one of the most significant parameter in 

heart disease. Any blood pressure greater than or equal to 140 

systolic and 90 diastolic is considered as high blood pressure. 

Here, the blood pressure input parameter range is divided into 

four fuzzy sets, namely, ‘low’, ‘medium’, ‘high’ and ‘very 

high’. The range of values and respective fuzzy sets of blood 

pressure is given in Table 2. The membership functions of 

fuzzy sets of blood pressure are of triangular and trapezoidal 

types as shown in Figure 6. The fuzzy membership expression 

for this input parameter is represented by Equation (1). 

Table 2 Range of values and fuzzy sets of systolic blood 

pressure 

Input Range Fuzzy sets 

Systolic blood 

pressure 

<140 Low 

120-160 Medium 

140-180 High 

>160 Very High 

 

 

 
Fig 6: Membership functions of systolic blood pressure 

 

     

 

ρlow (x) =   

  

 

           ρmedium (x) =  

   

 

               ρhigh (x) =  

    

  

           ρveryhigh (x) =              (1) 

 

 

4.2 Membership Functions of Cholesterol 

The presence of too much low-density lipoprotein, i.e. LDL 

cholesterol in body carries a major risk for heart disease. 

Here, the cholesterol parameter range is divided into four 

fuzzy sets, namely, ‘low’, ‘medium’, ‘high’ and ‘very high’. 

The range of values and respective fuzzy sets of cholesterol is 

given in Table 2. The membership functions of fuzzy sets of 

cholesterol are of triangular and trapezoidal types as shown in 

Figure 7. The fuzzy membership expression for this input 

parameter is represented by Equation (2). 

x – 120   120 ≤ x < 140 

   20 

1  x = 140 

160 – x   140 ≤ x < 160 

    20 

x – 140 140 ≤ x < 160 

    20 

1 x = 160 

180 – x 160 ≤ x < 180 

    20 

x – 160  160 < x < 180 

    20 

1 x ≥ 180 

1                  x < 110 

140 – x        110 ≤ x < 140 

    30 
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Table 3 Range of values and fuzzy sets of  LDL cholesterol 

Input Range Fuzzy sets 

Cholesterol < 100 

90 – 150 

140 – 190 

> 180 

Low 

Medium 

High 

Very high 

 

 
Fig 7: Membership functions of cholesterol 

 

 

ρlow (x) =  

   

           ρmedium (x) =  

    

    

ρhigh (x) =   

   

 ρveryhigh (x) =  

             (2) 

4.3 Membership Functions of Electrocardiography 

Electrocardiogram (ECG) is a test that measures the electrical 

activity of the heart. It uses ultrasound to evaluate heart 

muscle, heart valves, and risk for the heart disease. An 

electrocardiogram records problem with the heart's rhythm 

and the conduction of the heart beat through the heart. Here, 

the ECG parameter range is divided into three fuzzy sets, 

namely, ‘Normal’, ‘ST-T Normal’ and ‘Hypertrophy’. The 

range of values and respective fuzzy sets of ECG is given in 

Table 4. The membership functions of fuzzy sets of ECG are 

of triangular and trapezoidal types as shown in Figure 8. The 

fuzzy membership expression for this input parameter is 

represented by Equation (3). 

 

Table 4 Range of values and fuzzy sets of  

electrocardiography 

Input Range Fuzzy sets 

Resting 

Electrocardiography 

[-0.5, 0.4] 

[0.25, 1.8] 

[1.4, 2.8] 

Normal 

ST - T 

abnormal 

Hypertrophy 

 

Fig 8: Membership functions of electrocardiography 

4.4 Membership Functions of Heart Rate 

Heart rate is how many times heart beats in one minute.  The 

average resting heart rate ranges from 60 to 100 beats per 

minute. Heart rate increases linearly with the extent of 

exercise and determines the cardiorespiratory fitness of a man. 

Here, the heart rate parameter range is divided into three fuzzy 

sets, namely, ‘low’, ‘medium’ and ‘high’. The range of values 

and respective fuzzy sets of heart rate is given in Table 5. The 

membership functions of fuzzy sets of heart rate are of 

triangular and trapezoidal types as shown in Figure 9. The 

fuzzy membership expression for this input parameter is 

represented by Equation (4). 

Table 5 Range of values and fuzzy sets of heart rate 

Input Range Fuzzy sets 

Maximum  

heart rate 

< 100 

90 – 150 

140 > 

Low 

Medium 

High 

 

 
Fig 9: Membership functions of heart rate 

 

         ρlow (x) =         

  

    ρmedium (x) =  

        

      ρhigh (x) =                                                                            

                                                                                     (4) 

1     x < 70 

100 – x     70 ≤ x < 100 

    30 

x – 90   90 ≤ x < 120 

   30 

1 x = 120 

150 – x  120 ≤ x < 150 

    30 

x – 140  140 ≤ x < 165 

    25 

1 x = 165 

190 – x  165 ≤ x < 190 

    25 

x – 180  180 ≤ x < 240 

    60 

1  x ≥ 240 

1  x < 80 

100 – x  80 ≤ x < 100 

    20 

x – 90   90 ≤ x < 120 

   30 

1 x = 120 

150 – x  120 ≤ x < 150 

    30 

x – 140  140 ≤ x < 180 

    40 

1 x ≥ 180 
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4.5 Membership Function of Fasting Blood Sugar 

The blood sugar levels could affect the risk of coronary heart 

disease in both diabetics and non-diabetics. Here, the heart 

rate parameter range is divided into two fuzzy sets, namely, 

‘Non diabetic’ and ‘diabetic’. The range of values and 

respective fuzzy sets of blood sugar is given in Table 6. The 

membership functions of fuzzy sets of blood sugar are of 

trapezoidal types as shown in Figure 10. The fuzzy 

membership expression for this input parameter is represented 

by Equation (5). 

Table 6 Range of values & fuzzy sets of blood sugar 

Input Range Fuzzy sets 

Fasting  

blood sugar 

≤ 120 

120 > 

Non diabetic 

Diabetic 

 

 

Fig 10: Membership functions of fasting blood sugar 

 

 

ρveryhigh (x) =                                                           (5) 

 

4.6 Membership Functions of an Old Peak 

The old peak is ST-depression induced by exercise relative to 

rest. A quantitative assessment of the level of ST segment 

depression during exercise is of additional value to assess 

prognosis and to measure the efficacy of disease. Here, the old 

peak parameter range is divided into three fuzzy sets, namely, 

‘Low’, ‘Risk’ and ‘Terrible’. The range of values and 

respective fuzzy sets of old peak is given in Table 7. The 

membership functions of fuzzy sets of old peak are of 

triangular and trapezoidal types as shown in Figure 11. The 

fuzzy membership expression for this input parameter is 

represented by Equation (6). 

 

Table 7 Range of values and fuzzy sets of old peak 

Input Range Fuzzy sets 

 

Old peak 

< 2 

1.5 – 4.2 

2.55 > 

Low 

Risk 

Terrible 

 

 
Fig 11: Membership functions of old peak 

 

 

 ρlow (x) =         

   

 ρrisk (x) =   

    

         

ρterrible (x) =     

       (6) 

4.7 Membership Functions of a Thallium Scan 

A thallium scan is a test that uses a radioactive substance to 

produce images of the heart muscles. The thallium scan helps 

determine if areas of the heart do not receive enough blood. 

Here, the thallium scan parameter range is divided into three 

fuzzy sets, namely, ‘Normal’, ‘Fixed defect’ and ‘Reversible 

defect’. The range of values and respective fuzzy sets of 

thallium scan is given in Table 8. The membership functions 

of fuzzy sets of age are trapezoidal types as shown in Figure 

12. 

 

Table 8 Range of values and fuzzy sets of thallium scan 

Input Range Fuzzy sets 

 

Thallium scan 

3 

6 

7 

Normal 

Fixed defect 

Reversible defect 

 

 
Fig 12: Membership functions of thallium 

 

 

x – 105  105 ≤ x < 120 

    15 

1  x ≥ 120 

1       x < 1 

2 – x       1 ≤ x < 2 

   1 

x – 1.5      1.5 ≤ x < 2.8 

   1.3 

1     x = 2.8 

4.2 – x      2.8 ≤ x < 4.2 

   1.4 

x – 2.55        2.55 ≤ x < 4 

   1.45 

1       x ≥ 4 
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4.8 Membership Functions of Age 

With the increase in age of a man, the chances of developing 

heart disease increases. Here, the age parameter range is 

divided into four fuzzy sets, namely, ‘Young’, ‘Adult’, ‘Old’ 

and ‘very old’. The range of values and respective fuzzy sets 

of age is given in Table 9. The membership functions of fuzzy 

sets of age are of triangular and trapezoidal types as shown in 

Figure 13. The fuzzy membership expression for this input 

parameter is represented by Equation (8). 

 

Table 9 Range of values and fuzzy sets of age 

Input Range Fuzzy sets 

 

Age 

< 38 

31 – 45 

41 – 60 

> 56 

Young 

Adult 

Old 

Very old 

 

 
Fig 13: Membership functions of age 

 

ρyoung (x) =        

    

  

  

        ρadult (x) =  

    

   

ρold (x) =   

    

 

         ρveryold (x) =  

             (8) 

 

4.9 Inference Mechanism and System Output 

In this system, more than one thousand fuzzy rules pertaining 

to the heart disease are formed. The output shows the 

presence or absence of risk for heart disease subjected to 

given the values of input parameters. The rules are formulated 

using Matlab rule editor. The rules consist of antecedent and 

consequent parts. All the rules fire to some extent in the 

antecedent part of the fuzzy system. In the inference process, 

the truth value for the premise of each rule is computed, and 

applied to the conclusion part of each rule. This results in one 

fuzzy subset to be assigned to each output variable for each 

rule. The fuzzy expert system computes the probabilities and 

determines output value in terms of percentage of the risk of 

heart disease from zero percent to hundred percent. The risk 

value is divided into five fuzzy sets, namely, ‘Risk no’, ‘Risk 

low’, ‘Risk medium’, ‘Risk high’ and ‘Risk Very high’. The 

range of values and respective fuzzy sets of output is given in 

Table 10. The membership functions of fuzzy sets of output 

are of triangular and trapezoidal types as shown in Figure 14. 

Figure 15 and Figure 16 represents the rule viewer and rule 

surface viewer respectively in MatLab fuzzy tool box. Figure 

17 shows the rule editor in Matlab fuzzy tool box. The Rule 

Viewer allows interpreting the entire fuzzy inference process 

at once. Each column of plot in Figure 15 shows how the 

input variable is used in the rules. Each rule is a row of plots 

and each column is a variable. The menu items allow user 

entering input values. The last column of plots shows how the 

output variable is used in the rules. Each row of plots 

represents one rule. The bottom-right plot shows how the 

output of each rule is combined to make an aggregate output 

and then defuzzified. The blank plot corresponds to the 

characterization of none for the corresponding variable in the 

rule. The thick vertical line in plot represents the aggregate 

weighted decision for the given inference system. This 

decision will depend on the input values for the system. The 

defuzzification of fuzzy sets is performed to convert 

aggregation result into crisp value of the output using centroid 

method. The defuzzified output value is shown by the thick 

line passing through the aggregate fuzzy set. The Surface 

Viewer generates a three-dimensional output surface where 

any two of the inputs can be varied. 

 

Table 10 Range of values & fuzzy sets of risks 

Input Range (%) Fuzzy sets 

 

Heart disease risk 

< 20 

20 – 39 

40 – 59 

60 – 79 

80 > 

Risk no 

Risk low 

Risk medium 

Risk high 

Risk very high 

 

 
Fig 14: Membership functions of heart disease risk 

 

x – 52               52 ≤ x < 60 

    8 

1             x ≥ 60 

1              x < 25 

38 – x              25 ≤ x < 38 

   13 

x – 41              41 ≤ x < 45 

   8 

1  x = 45 

60 – x              45 ≤ x < 60 

   15 

x – 31             31 ≤  x < 38 

    7 

1             x = 38 

45 – x              38 ≤ x < 45 

    7 
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Fig 15 : Rule viewer in MatLab fuzzy tool box 

 

 
Fig 16: Rule surface viewer in MatLab fuzzy tool box 

 
Fig 17: Rule editor in MatLab fuzzy tool box 

5. FORMULATION OF MODEL  
The mathematical model has been formulated to compute the 

risk of heart disease. In the medical diagnosis pertaining to 

heart diseases, the most influencing clinical parameters are 

age, blood pressure, lipid profile, heart rate and peak. The 

other parameters are many but those are comparatively less 

influencing. Mathematical model is developed to study the 

impact of most influencing parameters responsible for causing 

the heart disease and compare with the results obtained by 

fuzzy expert system. For the formulation of mathematical 

model, the risk of heart disease is considered as dependent 

parameter and age, blood pressure, cholesterol, heart rate and 

peak as the independent parameters. Considering the most 

significant parameters causing heart diseases, the risk 

determining relation can be established as follows : 

Rh    = f (age, bp, ldl, hr, pk) 

where,  Rh   = Risk of heart disease in % 

age  = age  

bp   = blood pressure, 

ldl   = cholesterol 

hr   = heart rate 

pk  = peak 

A probable exact mathematical form for computing the risk of 

heart disease (Rh), using regression analysis to find out the 

best fit mathematical model suitable for the recorded data 

points, could be represented by Equation 9 : 

 

    Rh  = k * age
a * bp

b * ldl
c * hr

d * pk
d                 (9) 

   

There are 6 unknown terms in Equation (9), viz. curve fitting 

constant, k and the indices a, b, c, d and e. To get the values of 

these unknowns we need five sets of values of age, bp, ldl, hr 

and pk. The best-fit mathematical model has been formulated 

using Gauss-Jordon method for solution of simultaneous 

equations and data given in Table 11. It also shows the risk 

values computed using mathematical model. Relationship for 

risk of heart disease (Rh) is represented by Equation (10) : 

 

Rh  = 0.000018 * age
0.23 * bp

0.97 * ldl
1.25  * hr

-0.22  *  pk
0.09                      

(10) 

 

It has been observed that, the above mathematical model is 

justifiable and may be used with a confidence for determining 

the risk of heart disease. The characteristic showing 

relationships between observed and computed values of 

disease risk is represented in Figure 17. An excellent co-

efficient of correlation, (R2) values, 0.906 is yielded for 

observed and computed values using this mathematical model.  

 

The model is found justifiable as a unique tool for 

computation of the risk pertaining to heart disease. The 

formulated risk model is applicable for all types of input 

parameters to determine the risk. This model may be used 

with confidence for predicting the risk of apparently all heart 

related diseases.  

 

 
Fig 17:  Graph between risk computed using MFES and 

mathematical model 

 

Table 11  Parameters showing risk computed using MFES 

and mathematical model 

Age  BP LDL HR Peak 

Risk 

computed 

by MFES  

Risk 

using 

math 

model 

71 120 265 130 0.24 40 32 

49 130 188 139 2 40 28 

54 135 129 126 0.1 10 8 

59 140 187 152 0.1 20 17 

57 128 229 150 0.14 40 24 

61 122 260 170 3.6 60 53 

39 165 219 150 1.2 60 48 

61 145 277 186 1 60 61 

56 125 249 144 1.2 40 41 

45 130 164 135 0.16 20 13 

56 190 288 153 4 100 121 

y = 0.9987x 
R² = 0.9064 

0 

50 

100 

150 

0 20 40 60 80 100 120 
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54 160 239 146 1.8 60 57 

41 120 200 130 0.1 20 16 

61 124 209 163 0.1 20 18 

58 120 258 137 0.14 20 28 

51 122 227 124 0.1 20 21 

29 130 204 202 0.1 20 20 

51 140 241 186 0.1 20 29 

43 122 213 165 0.12 20 20 

57 167 299 164 1 80 85 

 

6. CONCLUSION 
 

The architecture of generic system has been proposed and 

designed the fuzzy expert system for medical diagnosis using 

visual basic and fuzzy logic tool box of MatLab software. The 

fuzzy expert system that is developed in visual basic and 

MatLab fuzzy tool box are interfaced. A strong knowledge 

base and rule base comprising more than 1000 rules 

exclusively pertaining to heart disease is the main backbone 

of the system. The system is of predictive type and very 

effective for the diagnosis of diseases related with heart, liver, 

lung, kidney, abdomen, bladder, brain, prostate, eyes and ears. 

The illustrative example is presented specific to heart disease 

diagnosis. The system accepts inputs in the form of 

physiological, radiological and clinical parameters from the 

user.  Moreover, the user can select general as well as specific 

symptoms from the prebuilt symptoms library. The fuzzy 

expert system consists of rules generator mechanism and 

mechanism to update the knowledge base. The application has 

been tested and implemented successfully. The mathematical 

model is formulated to compute the risk of heart disease and 

compare the results obtained by fuzzy expert system. The 

model is found to be justifiable and excellent coefficient of 

correlation value has been observed. The model is found 

justifiable as a unique tool for computation of the risk 

pertaining to heart disease. 
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