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Abstract 
 

In the realistic situation, the health care has which contain imprecisely specified data. This imprecise data indicates the presence of 

vagueness, incompleteness and uncertainty which causes the problem during important decision-making task in the prediction of heart 

disease. Traditional Association Rule Mining has limitations as it only deals with the features that are actually present in the prediction of 

heart disease and ignores the features that are almost not considered for the heart disease prediction. Furthermore, these features may be 

placed with predictive feature by imposing its attractiveness measure; disease prediction pattern mining in the scenario of imprecise and 

vague environment is very difficult which is frequent in recent years. For the effectiveness of retrieved hesitated patterns and rules, the 

concept of vague set theory is used. For the same consideration, heart disease dataset features as weighting factor is used for generation 

of disease prediction patterns. 
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1. Introduction 

The problem of decision making, especially in health care is a 

crucial task in every hospital [9-12]. In past years, data mining 

technology follows the conventional approach that offers only 

statistical analysis and discovers rules [1]. The main technique 

uses support and confidence measures for generating rules. But 

since the data have become complex today it is crucial to find the 

solution to deal with such problems [13-15].  

 Association rules can effectively use to uncover unknown rela-

tionship producing the result that can provide a basis for forecast-

ing and decision making [2]. Traditional association rule mining 

model considers that items have the same significance without 

taking consideration of item weight within the transaction and also 

ignores vague status of item which is not always case. Considering 

an example [TV →vcd,1%,80%] may be more important than 

[bread →milk,3%,80%] although former holds a lower support 

because those items in the first rule usually come with more dis-

ease prediction per hospital, but conventional association rule is 

disregarded this variance.  

2. Preliminaries 

2.1. Vague set 

Definition 1: A vague set A [19] in the universe of discourse U is 

characterized by two membership functions given by: 

 

1) A truth membership function 

tA ∶ U → [0,1]  
and  

2) A False membership function 

fA ∶ U → [0,1]  
where tA(u) is a lower bound of the grade of membership of u 

derived from the ’evidence for u’, and fA(u) is a lower bound of 

the negation of u derived from the ’evidence against u and 

 

tA(u) + fA(u) ≤ 1  

 

Thus the grade of membership of u in the vague set A is bounded 

by a sub interval [tA(u), 1 − fA(u)] of [0, 1]. This indicates that if 

the actual grade of membership is μ(u), then 

 

tA(u)  ≤  tA(u)  

 

The vague set is written as  

 

A =  {(u, [tA(u) , fA(u)]) | u ∈ U}  

 

where the interval [tA(u), 1 − fA(u)] is called the ’vague value’ of u 

in A and is denoted by VA(u). 

It is worth to mention here that interval-valued fuzzy sets (i-v 

fuzzy sets) [3] are not vague sets. In i-v fuzzy sets, an interval 

valued membership value is assigned to each element of the uni-

verse considering the ’evidence for u’ only, without consider-

ing ’evidence against u’ [6]. In vague sets both are independently 

proposed by the decision maker. This makes a major difference in 

the judgment about the grade of membership [3]. 

 

Definition 2: A vague set A of a set U is called 

http://creativecommons.org/licenses/by/3.0/


5852 International Journal of Engineering & Technology 

 
1) the zero vague set of U if tA(u) = 0 and fA(u) = 1 for all 

u ∈ U 

2) the unit vague set of U if tA(u) = 1 and fA(u) = 0 for all 

u ∈ U 

3) the α -vague set of U if tA(u) = α and fA(u) = 1− α for all u 

2 U, where α  (0, 1). 

Let D[0, 1] denotes the family of all closed sub-intervals of [0, 1]. 

Now we define refined minimum (briefly, rmin) and order”  ” on 

elements D1 = [a1, b1] and D2 = [a2, b2] of D [0, 1] as: 

rmin (D1, D2) = [min{a1, a2}, min{a1, a2}  ] 
D1 ≤ D2 ↔  a1  ≤ a2 Λ b1  ≤ b2 

Similarly, we can define , = and rmax. Then concept of rmin 

and rmax could be extended to define rinf and rsup of infinite 

number of elements of D [0, 1]. 

It is that L = {D [0, 1], rinf, rsup, } is a lattice with universal 

bounds [0, 0] and [1, 1]. 

2.2. Median and imprecision membership 

In order to compare vague values we used two memberships: me-

dian membership and imprecision membership. It is noteworthy 

that for a given vague value [α(x),1− β(x)] we have unique median 

membership Mm and imprecision membership Mi and vice versa. 

Median membership is defined as 

 

Mm =  
1

2
 (α + (1 − β))  

 

which represents the overall evidence contained in a vague value. 

It can be checked that 0 ≤  Mm ≤ 1. Obviously, the vague value 

[1,1] has the highest Mm which means the corresponding object 

definitely belongs to the vague set (i.e., a crisp value). While the 

vague value [0, 0] has the lowest Mm, this means that the corre-

sponding object definitely does not belong to the vague set. 

 

 
Fig. 1: Median Membership of Vague Set. 

 

Imprecision membership is defined as  

 

Mi = ((1 − β) −  α)  

 

which satisfies the overall imprecision of a vague value. It can be 

Veteran that 0 ≤ Mi ≤ 1. The vague value of [P, P] (p ∈ [0,1]) 

has the lowest Mi which means that the membership of the corre-

sponding object is exact (i.e a fuzzy value). While the vague value 

[0,1] has the highest Mi this means that do not have an 

y information about the membership of the corresponding object. 

 

 
Fig. 2: Imprecision Membership of a Vague Set. 

 

The median membership and imprecision membership are em-

ployed to measure the attractiveness and hesitation of the feature 

respect to a patient disease. 

2.3. Hesitation and overall hesitation 

Given an item x ∈ I and a set of HSs S = {S1, S2, … , Sn} with a 

partial order . The hesitation of x with respect to a hesitation 

status HSs si ∈ S is a function hi(x): I → [0,1] such that 

 

α(x) +  β (x) + ∑ hi(x) = 1n
i=1   

 

where hi(x) represents the evidence for the HS si of x. The overall 

hesitation of x with respect to S is given by 

 

H(x) =  ∑ hi(x)n
i=1   

 

This can be easily find from the above definition that [4] 

 

H(x) = 1 − α(x) −  β(x)  

2.4. Intent and overall intent 

Given a set of HSs (S, ), the intent of an item x with respect to an 

HSs si ∈ S  , denoted as int(x,  si ) is a vague value [αi(x), 1 −
βi(x)] which is sub interval of [α(x), 1 −  β(x)]. The overall in-

tent of x denoted as INT (x) is the interval [α(x), 1 −  β(x)] 

2.5. Attractiveness and overall attractiveness 

The attractiveness of x with respect to an HSsi, denoted as att(x, si) 

is defined as the median membership of x with respect to si that is 
1

2
 (αi(x) + (1 − βi(x))). The overall attractiveness of x is a func-

tion ATT(x): I → [0,1] such that [5] 

 

ATT(x) =  
1

2
(α(x) + (1 − β(x)))  

2.6. AH-pair transaction database 

An AH-pair database is sequence of AH-pair transactions. An AH-

pair transaction T is a tuple 〈v1, v2, … , vm〉 on an itemset IT =

{X1, X2, … , Xm}  where IT  ∈ I  and < vj =  MA (xj), MH (xj) > is 

an AH-pair of the item xj with respect to a given HS or the overall 

hesitation for 1 ≤ j ≤ m 

3. Vague association rule mining 

A Vague Association Rule (VAR), r = (X => Y ), is an association 

rule obtained from an AH-pair database. Based on the attractive-

ness and hesitation of an item, we define four different types of 

support and confidence of a VAR depending on what kind of 

knowledge we want to acquire. For clarity, we use A to denote 

Attractiveness and H to denote Hesitation. 

3.1. Support 

For a given AH-pair database, D, four types of support for an item 

set Z or a VARX ⟹Y where X ∪ Y = Z as follows: 

1) The attractiveness support (A-Support) of Z is defined as 
∑ ∏ MA(Z)z∈ZT∈D

|D|
 

2) The hesitation support (H-Support) of Z is defined as 
∑ ∏ MH(Z)z∈ZT∈D

|D|
 

3) The attractiveness-hesitation (AH-support) of Z is defined 

as 
∑ ∏ MA(x)MH(y)x∈X,y∈YT∈D

|D|
 

4) The hesitation-attractiveness (HA-support) of Z is defined 

as 
∑ ∏ MH(x)MA(y)x∈X,y∈YT∈D

|D|
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Z is an A (or H or AH or HA) frequent item set FI if the A-support 

(or H-support or AH-Support or HA-support) support or Z is no 

less than the (respective A or H or AH or HA) minimum support 

threshold σ.  

3.2. Confidence 

For a given AH-pair database four types of confidence for an item 

set Z or a VAR, 𝑟 = (𝑋 ⟹ 𝑌) where 𝑋 ⋃ 𝑌 = 𝑍 as follows: 

1) If both X and Y is A FIs, then the confidence of rule called 

the A-confidence of rule is defined as 

 
𝐴𝑠𝑢𝑝𝑝 (𝑍)

𝐴𝑠𝑢𝑝𝑝 (𝑥)
  

 

2) If both X and Y is H FIs, then the confidence of rule, called 

the H-confidence of rule is defined as  

 
𝐻𝑠𝑢𝑝𝑝 (𝑍)

𝐻𝑠𝑢𝑝𝑝 (𝑥)
  

 

3) If X is an A FI and Y is an H FI, then the confidence of rule, 

called the AH-Confidence is defined as  

 
𝐴𝐻𝑠𝑢𝑝𝑝 (𝑍)

𝐴𝐻𝑠𝑢𝑝𝑝 (𝑥)
  

 

4) If X is an H FI and Y is an A FI, then the confidence of rule, 

called the HA-confidence is defined as  

 
𝐻𝐴𝑠𝑢𝑝𝑝 (𝑍)

𝐻𝐴𝑠𝑢𝑝𝑝 (𝑥)
  

4. Proposed methodology for diagnosis of hesi-

tation pattern of the heart disease 

On critical analyzed it is examining that hesitation for the feature 

decrease the attractiveness of the feature and hence reduce the 

probability of analyzing the feature that results in decreasing the 

finding the severity of the disease. The characteristic of the feature 

can be a major factor that increases the hesitation or attractiveness 

toward the heart disease and hence it is an important factor in 

mining the hesitation information [16-18] [20]. The proposed an 

algorithm mine the vague association rules that is used for the 

heart disease patterns generation which is used to increase the 

finding severity of the disease. The following step by step proce-

dure represents the mining of vague information pattern of heart 

disease diagnosis dataset. 

 

 

5. Experimental result and discussion 

The description of the Heart Disease dataset [7] has given below 

in the table 1. 

 
Table 1: Description about the Heart Disease Dataset 

No  Name  Description 

1 Age Age in Years 

2 Sex 1=male, 0=female 

3 cp 
chest pain type(1 = typical angina, 2 =atypical 
angina, 3 = non-anginal pain, 4 = asymptomatic) 

4 trestbps 
Resting blood sugar(in mm Hg on admission to 

hospital) 
5 chol Serum cholesterol in mg/dl 

6 fbs Fasting blood sugar>120 mg/dl(1= true, 0=false) 

7 restecg 
Resting electrocardiographic results (0 = normal, 
1 = having ST-T wave abnormality, 2 = left 

ventricular hypertrophy) 

8 thalach Maximum heart rate 
9 exang Exercise induced angina 

10 oldpeak 
ST depression induced by exercise relative to 

rest 

11 slope 
Slope of the peak exercise ST segment 

(1=upsloping, 2=flat, 3= downsloping) 

12 
Major Vessels 

Colored (ca) 
Number of major vessels colored by fluoroscopy 

13 thal 3= normal, 6=fixed defect, 7= reversible defect 
14 num Class (0=healthy, 1=have heart disease) 

 

In the pre-processing stage, Genetic Algorithm is used to reduce 

the size of the heart disease dataset. Genetic algorithm [8] has 

selected only 4 features from heart disease dataset. Chest Pain, 

ExerInd, Major Vessels Colored and Thal. 

5.1. Intent calculation of the heart disease features 

Following table 2 gives the Intent calculation for mining the hesi-

tation pattern of the heart disease feature. 

 
Table 2: Intent Calculation of the Heart Disease Feature 

Feature Name Support Confidence 

Chest Pain 0.800000 0.866667 

ExerInd 0.733333 0.833333 

Major Vessels Colored (ca) 0.333333 0.666667 
Thal 0.233333 0.566667 

5.2. Intent calculation of the heart disease features 

Following table 2 gives the Intent calculation for mining the hesi-

tation pattern of the heart disease feature. 

 
Table 2: Intent Calculation of the Heart Disease Feature 

Feature Name Support Confidence 

Chest Pain 0.800000 0.866667 

ExerInd 0.733333 0.833333 
Major Vessels Colored (ca) 0.333333 0.666667 

Thal 0.233333 0.566667 

5.3. Attractiveness Hesitation (AH) Pair of the selected 

features 

Table 3: AH Pair of the Selected Features 

Feature Name Attractiveness Hesitation 

Chest Pain 0.833333 0.066667 

ExerInd 0.716667 0.033333 
Major Vessels Colored (ca) 0.500000 0.333333 

Thal 0.400000 0.333333 

 

Above table 3 gives the AH Pair of the selected features for the 

prediction of the heart disease. 

5.4. Rule generation using association rule mining 
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Following table 4 depicts the rule generated by using Association 

Rule mining using Support and Confident level 

 
Table 4: Pattern and Its Support for the 3 Types of Pattern Size 

Pattern 

Size 

Pattern Num-

ber 
Pattern and its support 

2 

1 chestpain  Exerind (Support - 21) 

2 chestpain  ca (Support - 20) 

3 chestpain  thal (Support - 12) 

4 Exerind  ca (Support - 11) 

5 Exerind  thal (Support - 8) 

6 ca  thal (Support - 7) 

3 

1 chestpain, Exerind  ca (Support - 20) 

2 Exerind, ca  thal (Support - 11) 

3 chestpain, ca  thal (Support - 14) 

4 chestpain, Exerind  thal (Support - 11) 

4 1 
chestpain, Exerind,ca  thal (Support - 

7) 

5.5. E. Attractiveness (A), hesitation (h), attractiveness-

hesitation (ah) and hesitation-attractiveness (ha) for 3 

types of pattern 

Table 5 and Table 6 represents the A, H, AH and HA support and 

confidence for the pattern size 2. 

 
Table 5: Four Types of Support for Pattern Size 2 

Pattern 
Number 

Attractiveness 
(A) 

Hesitation 
(H) 

Attractiveness-

Hesitation 

(AH) 

Hesitation-

Attractive 

(HA) 

1 0.298611 0.001111 0.023889 0.013889 

2 0.217593 0.002222 0.017407 0.027778 

3 0.128472 0.005000 0.010278 0.062500 
4 0.083333 0.004444 0.006667 0.055556 

5 0.055556 0.003704 0.004444 0.046296 

6 0.280694 0.001667 0.013056 0.035833 

 
Table 6: Four Types of Confidence for Pattern Size 2 

Pattern 

Number 

Attractiveness 

(A) 

Hesitation 

(H) 

Attractiveness-
Hesitation 

(AH) 

Hesitation-
Attractive 

(HA) 

1 0.358333 0.016667 0.028667 0.208333 
2 0.261111 0.033333 0.020889 0.416667 

3 0.154167 0.075000 0.012333 0.937500 

4 0.100000 0.066667 0.008000 0.833333 
5 0.066667 0.055556 0.005333 0.694444 

6 0.391667 0.050000 0.018217 1.075000 

 

Table 7 and Table 8 depicts the A, H, AH and HA support and 

confidence for the pattern size 3. Table 9 gives the support and 

Confidence of A, H, AH and HA for the pattern size 4. 

 
Table 7: Four Types of Support for Pattern Size 3 

Pattern 

Number 

Attractiveness 

(A) 

Hesitation 

(H) 

Attractiveness-

Hesitation 

(AH) 

Hesitation-

Attractive 

(HA) 

1 0.077971 0.000037 0.000769 0.003627 

2 0.046036 0.000083 0.001792 0.002141 
3 0.029861 0.000074 0.001593 0.001389 

4 0.019907 0.000062 0.001327 0.000926 

 

Table 8: Four Types of Confidence for Pattern Size 3 

Pattern 
Number 

Attractiveness 
(A) 

Hesitation 
(H) 

Attractiveness-

Hesitation 

(AH) 

Hesitation-

Attractive 

(HA) 

1 0.093565 0.000556 0.000956 0.054398 
2 0.055243 0.001250 0.002150 0.032118 

3 0.035833 0.001111 0.001911 0.020833 

4 0.023889 0.000926 0.001593 0.013889 

 

 

 

 

Table 9: Support and Confidence Value of A, H, AH and HA for 4th Pat-

tern Size 

Type 
Pattern 

number 
A H AH HA 

Support 1 0.012020 0.000003 0.000060 0.000559 

Confidence 1 0.014425 0.000042 0.000072 0.008386 

6. Conclusion 

To identify the heart disease, the hospitals need to provide the 

most appropriate attributes to their patients for the diagnosis. In 

this paper, in the pre-processing stage, Genetic algorithm has uti-

lized to reduce the size of the heart disease dataset. Using vague 

set theory, a limitation in the traditional Association Rule has 

addressed by ignoring the hesitation information of the features in 

the dataset using proposed methodology for the calculation of 

Attractiveness (A), Hesitation (H), Attractiveness-Hesitation (AH), 

and Hesitation-Attractiveness (HA) patterns. In the second stage, 

using vague set, a new methodology has proposed to derive the 

Attractiveness (A), Hesitation (H), Attractiveness-Hesitation (AH), 

and Hesitation-Attractiveness (HA) patterns for diagnosis the 

heart disease with pre-processed features. The support and confi-

dence value of each pattern has calculated for each pattern size. 
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