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 

Abstract:  The confidence and support value are two measures 

that playa signification role to make Association rules high 

important and widely acceptable. In parallel, the length of rule 

and the presence of more significant features in rule increase its 

acceptability. The selection of some high important rules based on 

these measures is a difficult task. Analytic Hierarchy 

Process(AHP) provides decision matrix with weight value of each 

measures(factors), which helps in ranking the rules based on 

measures. But, AHP is not capable to take perfect decision in the 

case where the rules have some uncertainty or fuzziness, 

especially in Medical Association rules. The proposed work 

discusses the fuzzy rule base Analytic Hierarchy process to 

evaluate the relative(importance) weight of different measures in 

order to choose the perfect rule. Here, liver disorder medical data 

is used to generate Association rules and then fuzzy AHP based 

method is applied to make comparison matrix and different rules 

are compared using TFNs. 

 
Index Terms:  Fuzzy Analytic Hierarchy Process, Medical 

Liver Data, Association Rule mining, Decision Making, TFN. 

I. INTRODUCTION 

Liver is very sensible and important organ in human body. 

Different studies have been done on liver patient dataset to 

find important attributes of liver and symptoms of liver 

disorder for easier diagnosis. Mining hidden rules and 

patterns from the voluminous medical databases is a 

challenging task for researchers. Liver disorder is one of the 

widespread medical problems among human being. It is also 

growing day by day due to the industrialization[1, 2].  

In real word many occurrences are vague and have no 

definite boundaries. Due to some uncertainty about 

occurrence, it is hard to take appropriate decision. If these 

uncertainty are not be analyzed properly, it will surely lead to 

a decision that will far to the objective fact. Different 

researchers have worked on it and proposed various way to 

deal with problem of uncertainty. In 1965, Zadeh proposed 

the fuzzy set to cope with uncertainty in decision making. 

Different from classical set theory technique, where an object 

or a case is either a member of a given set or not, the fuzzy set 

theory make possible that it can belongs to a set only to a 

certain value i.e. the degree of membership.  Fuzzy set theory 

provides a different technique to build a model i.e. “fuzzy”  
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boundaries of linguistic terms by using gradual memberships 

to define the relation. The interval [0, 1] is used to provide the 

range of the membership function[3-14].  

Association rule mining is one of the important techniques in 

data mining.  There are a number of algorithms for 

association rule mining, some of them are Apriori, Apriori 

TID etc.[15-18]. The main problem with association rule 

mining is due to the sharp boundary between the intervals. 

The elements that are near the boundary values are either 

ignored or over emphasized in the mining process. It is also 

not intuitiveto use sharp boundary with respect to human 

perception. For example, consider the situation where for the 

attribute age, a person is young if age is less than or equal to 

35, if higher then Old. This is not true.  

For better mining of association rule, fuzzy logic approach 

can be used. It is an approach of data mining that perform 

computation on the data based on the predictions and 

grouping. Instead of “true or false” method used in the 

traditional approach, it involves computing the data based on 

the probable prediction approach. Use of fuzzy logic in data 

mining algorithms not only provide excellent analysis of the 

data but also be used to get result with higher accuracy that 

are easy to implement.  Different algorithms that use fuzzy 

logic are increasingly being applied for better rule mining in 

medical field and other disciplines. For dealing with 

uncertainties in databases, fuzzy logic approach is used to 

split the data elements into various level of membership 

depending on their closeness values. 

 

II. RELATED WORK 

In literature number of work is available for handling 

fuzziness in data mining process. Most of work is dedicated 

to classification and clustering of data using fuzzy logic and 

soft computing based approaches. A very little study have 

been done on evaluation of association rules using fuzzy 

approaches. Some of significant work is illustrated in Table 

1[3-14]. 
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Table.1: Review of Related Work  
S. 

No 

Author     Year 

      

  

Area  

  

 Principle    Technique 

used  

 Findings  Dataset used   

1. Sushmita 

Mitra et al.[3] 

2002 Uncertainty 

in DM 

Role of  

Soft Computing 

in DM 

Soft 

Computing 

Rough sets are suitable 

for han- 

dling different types of 

uncertainty in data. 

Not used 

2. German 

Florez et 

al.[4] 

2001 Intrusion 

Detection 

using fuzzy 

DM 

fuzzy 

logic 

management, & 

rule 

pruning 

rule 

Borgelt’s 

prefix tree 

Improved a genetic 

algorithm to optimize 

the fuzzy 

Association rules. 

DARPA-MIT 

3. Tutut 

Herawan and 

, Mustafa 

Mat Deris [5] 

2011 Soft Set & 

ARM 

Association rule 

mining using 

soft set 

A soft set  

theory 

Alternative approach for 

‘‘regular” association 

rules and maximal 

association rules mining 

air pollution 

4. Liang Wang 

Reynold et 

al.[6] 

2010 Probabilistic 

Frequent 

pattern 

Mining 

Model based 

approach 

Rank-based 

PFI Mining 

efficiently extract 

threshold- and 

rank-based PFIs 

T10I4D100k 

5. Yan Zou and, 

Zhi Xiao [7] 

2008 Data 

analysis in 

incomplete 

information 

average-probabil

ity 

fuzzy soft sets practicability and 

validity of the data 

analysis 

approach of soft sets 

under incomplete 

information 

--- 

6. Wai-Ho Au 

and, Keith 

C.C. Chan [8] 

1999 Discovering 

Fuzzy 

Association 

Rules 

Threshold is 

Auto adjusted 

difference   

fuzzy 

Association 

Rule Miner 

resilient to noises 

such as inaccuracies in 

physical measurements 

Agriculture 

business china 

7. Liang Wang, 

Kunyuan  

et al.[9] 

2013 Trajectory 

Frequent 

pattern 

mining 

PrefixSpan and 

GSP 

flexible vague 

space 

partition 

VTPM-PrefixSpan 

algorithm outperforms 

the VTPM-GSP 

algorithm 

in both effectiveness 

and scalability 

GPS digital 

traces 

of 89 taxies 

8. JianxiongLuo

, and USusan 

M. Bridges 

[10] 

 Intrusion 

Detection 

fuzzy logic with 

association rules 

Association 

rules and 

frequency 

episodes 

developed a similarity 

evaluation function 

network traffic 

data sets 

9. Keith C.C. 

and Chan 

Wai-Ho Au 

[11] 

1997 fuzzy 

association 

rules 

mining 

utilizes adjusted 

difference  

F-APACS determine the 

interestingness of a rule 

PBX 

10. MehranAmiri

, and Richard 

Jensen [12] 

2016 Imputation 

of Missing 

Data 

classification fuzzy-rough 

methods 

non-parametric 

statistical analysis, that 

the 

proposed methods 

exhibit excellent 

performance in general 

KEEL dataset 

repository 

11. Li-Xin Wang 

[13] 

2003 Data Mining fuzzy logic Wang–Mende

l 

WM method for 

generating fuzzy rules 

from data is enhanced 

data from a steel 

rolling plant 

12. Arun Kumar 

Singh, and 

Akhilesh 

Tiwari [14] 

2106 Profitable 

Patterns 

Vague set 

Theory 

Vague 

Association 

Rule 

Efficient algorithm in 

discovering hesitation 

information of items 

based vague set 

theory. 

Synthetic data 

AHpair 

Database 
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III. PROPOSED INTELLIGENCE DECISION MAKING MODEL 

 
 

Fig 1: Working Flow of Proposed Model 

The proposed decision making model works based on Fuzzy 

Analytic Hierarchy Process. In this process once rule are 

generated from given dataset using any ARM technique, the 

pool of rule will be created using minimum support value. 

Further some of potential rule will be selected from pool of 

rule that have some novelty and potentiality. For calculating 

rank of rule the criteria (measure) have to be decided and 

their comparative importance is defined using Satty’s rating 

scale [19-23].  

The Fuzzy pair wise comparison matrix will be calculated 

using Fuzzy Triangular Number (TFNs). Using some 

intermediate process we will get weight-vector of each 

criterion which can rank each criterion among them [19-23].  

In similar process we create Fuzzy pair-wise comparison 

matrix of rules with respect to individual criteria and 

considering the weight vector of individual criteria, which 

lead to the opinion performance matrix. The opinion 

performance matrix is multiplied with weight vector of 

criteria that give final weight of rules. Based on weight of 

rules interpretation may be done as result of decision making 

process. The complete decision making process for fuzzy rule 

evacuation is showing in figure 1. 

 

A.  Linguistic term scale using TFNs 

The linguistic term scale which is defined by Satty’s is 

further  fuzzyfied using triangular fuzzy number which can 

be represented by triple real number   and membership 

function defined as [21-23].And Triangular fuzzy scale for 

linguistic terms is calculated as Table 2.  
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Table 2: Fuzzy Linguistic terms and equivalent TFNs 
Saaty 

scale 

TFNs 

Definition(Li

nguistic term) 

 

Fuzzy 

triangular 

scale 

Reciproc

al  

1 Equal 

Weightage 

(1,1,1) (1,1,1) 

3 Slightly high 

Weightage 

(2,3,4) (1/4,1/3,1/2) 

5 Enough high 

Weightage 

(4,5,6) (1/6,1/5,1/4) 

7 Very high 

Weightage 

(6,7,8,) (1/8,1/7,1/6) 

9 Absolutely 

high 

Weightage 

(9,9,9) (1/9,1/9,1/9) 

 

B. Weight Evaluation of each criteria using Fuzzy AHP 

For rule evaluation process, different criteria i.e. support, 

confidence, length of rules and presence of relevant features 

are considered. 

The table 3 is showing Fuzzy pair-wise comparison matrix 

of criteria which is calculated using linguistic Fuzzy term 

scale. The geometric mean is calculated to aggregate the 

group decision which is shown in table 4. After 

defuzzyfication final weight vector is calculated as shown in 

Table 5. The consistency of obtained weight will be checked 

as discussed in [19-23]. Here we have calculated CR= 

0.06780 which is less than 0.1.  Hence calculated weight 

vector is acceptable and it may be considered for further 

process. 

 

Table 3: Fuzzy Pair-wise comparison Matrix of Criteria 

 
 C S P L 

C 1,1,1 2,3,4 4,5,6 6,7,8 

S 0.25,0.33,0.5 1,1,1 2,3,4 4,5,6 

P 0.17,0.2,0.25 0.25,0.33

,0.5 

1,1,1 2,3,4 

L 0.13,0.14,0.1

7 

0.17,0.2,

0.25 

0.25,0.

33,0.5 

1,1,1 

 

Table 4: Geometric Mean & Intermediate weights  

 

C 2.63215 3.20109 3.72242 

S 1.18921 1.49535 1.86121 

P 0.53728 0.66874 0.84090 

L 0.26864 0.31239 0.37992 

SUM 4.62728 5.67757 6.80444 

RECIPROC 0.21611 0.17613 0.14696 

INCR. ORD. 0.14696 0.17613 0.21611 

 

 

Table 5: Final weight & Normalized Weight of Criteria 

 

 weight Normalized 
weight 

PER. (%) RANK 

C 0.12894 0.56882 56.88202 1.00000 

S 0.05826 0.25699 25.69935 2.00000 

P 0.02632 0.11611 11.61099 3.00000 

L 0.01316 0.05805 5.80550 4.00000 

 

IV. RESULT & ANALYSIS 

The Indian Liver Patient Dataset (ILPD) dataset [24] is 

considered for rule generation and analysis purpose. For rule 

generation Apriori algorithm is used on WEKA tool for 

implementing the proposed model. Only six attributes Direct 

Bilirubin(DB), Alamine Aminotransferase(SGPT),  

Aspartate Aminotransferase(SGOT), Total Bilirubin(TB), 

Alkaline Phosphotase(ALP), Albumin (ALB) form ILPD 

datasets are considered for evaluation purpose as per  

 

 

 

 

 

Table 6: Selected rules from Pool of Rules 
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Table 7: Fuzzy Pair-wise comparison Matrix of Rules w.r.t. Confidence criteria 
 R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 

R1 1, 1, 1 1,1,1 4,5,6 4,5,6 2,3,4 4,5,6 4,5,6 4,5,6 4,5,6 4,5,6 

R2 1, 1, 1 1,1,1 4,5,6 4,5,6 2,3,4 4,5,6 4,5,6 4,5,6 4,5,6 4,5,6 

R3 0.17, 0.2, 

0.25 

0.17,0.2,0.25 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 1,1,1 1,1,1 0.25,0.33,0.5 

R4 0.17, 0.2, 

0.25 

0.17,0.2,0.25 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 1,1,1 1,1,1 0.25,0.33,0.5 

R5 0.25, 

0.33, 0.5 

0.25,0.33,0.5 2,3,4 2,3,4 1,1,1 2,3,4 2,3,4 2,3,4 2,3,4 2,3,4 

R6 0.17, 

0.2,0. 25 

0.17,0.2,0.25 2,3,4 2,3,4 0.25,0.33,0.5 1,1,1 1,1,1 2,3,4 2,3,4 1,1,1 

R7 0.17, 0.2, 

0.25 

0.17,0.2,0.25 2,3,4 2,3,4 0.25,0.33,0.5 1,1,1 1,1,1 2,3,4 2,3,4 1,1,1 

R8 0.17, 

0.2,0. 25 

0.17,0.2,0.25 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 1,1,1 1,1,1 0.25,0.33,0.5 

R9 0.17, 0.2, 

0.25 

0.17,0.2,0.25 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 1,1,1 1,1,1 0.25,0.33,0.5 

R10 0.17, 0.2, 

0.25 

0.17,0.2,0.25 2,3,4 2,3,4 0.25,0.33,0.5 1,1,1 1,1,1 2,3,4 2,3,4 1,1,1 

 

 

 

 

 

 

 R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 

R1 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.17,0.2,0.25 

R2 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.17,0.2,0.25 

R3 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.17,0.2,0.25 

R4 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.25,0.33,0.5 0.17,0.2,0.25 

R5 2,3,4 2,3,4 2,3,4 2,3,4 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 

R6 2,3,4 2,3,4 2,3,4 2,3,4 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 

R7 2,3,4 2,3,4 2,3,4 2,3,4 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 

R8 2,3,4 2,3,4 2,3,4 2,3,4 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 

R9 2,3,4 2,3,4 2,3,4 2,3,4 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1 0.25,0.33,0.5 

R10 4,5,6 4,5,6 4,5,6 4,5,6 2,3,4 2,3,4 2,3,4 2,3,4 2,3,4 1,1,1 

 

Table 9: Fuzzy Pair-wise comparison Matrix of Rules w.r.t.  Presence of more Relevant feature 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 8: Fuzzy Pair-wise comparison Matrix of Rules w.r.t. Support criteria 
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Table 10: Fuzzy Pair-wise comparison Matrix of Rules w.r.t. Length of Rule 

 R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 

R1 1,1,1 0.25,0.33,0.

5 

2,3,

4 

0.25,0.33,0.

5 

1,1,1 2,3,

4 

1,1,1 0.25,0.33,0.

5 

1,1,1 2,3,

4 

R2 2,3,4 1,1,1 4,5,

6 

1,1,1 2,3,4 4,5,

6 

2,3,4 1,1,1 2,3,4 4,5,

6 

R3 0.25,0.33,0.

5 

0.17,0.2,0.2

5 

1,1,

1 

0.17,0.2,0.2

5 

0.25,0.33,0.

5 

1,1,

1 

0.25,0.33,0.

5 

0.17,0.2,0.2

5 

0.25,0.33,0.

5 

1,1,

1 

R4 2,3,4 1,1,1 4,5,

6 

1,1,1 2,3,4 4,5,

6 

2,3,4 1,1,1 2,3,4 4,5,

6 

R5 1,1,1 0.25,0.33,0.

5 

2,3,

4 

0.25,0.33,0.

5 

1,1,1 2,3,

4 

1,1,1 0.25,0.33,0.

5 

1,1,1 2,3,

4 

R6 0.25,0.33,0.

5 

0.17,0.2,0.2

5 

1,1,

1 

0.17,0.2,0.2

5 

0.25,0.33,0.

5 

1,1,

1 

0.25,0.33,0.

5 

0.17,0.2,0.2

5 

0.25,0.33,0.

5 

1,1,

1 

R7 1,1,1 0.25,0.33,0.

5 

2,3,

4 

0.25,0.33,0.

5 

1,1,1 2,3,

4 

1,1,1 0.25,0.33,0.

5 

1,1,1 2,3,

4 

R8 2,3,4 1,1,1 4,5,

6 

1,1,1 2,3,4 4,5,

6 

2,3,4 1,1,1 2,3,4 4,5,

6 

R9 1,1,1 0.25,0.33,0.

5 

2,3,

4 

0.25,0.33,0.

5 

1,1,1 2,3,

4 

1,1,1 0.25,0.33,0.

5 

1,1,1 2,3,

4 

R1

0 

0.25,0.33,0.

5 

0.17,0.2,0.2

5 

1,1,

1 

0.17,0.2,0.2

5 

0.25,0.33,0.

5 

1,1,

1 

0.25,0.33,0.

5 

0.17,0.2,0.2

5 

0.25,0.33,0.

5 

1,1,

1 

 

Chi Square test relevance grading [2]. The Table 6 is 

showing the potential rules which are selected from pool of 

generated rules with different value of minimum support as 

discussed in [2].  Once rule is selected for analysis the fuzzy 

pair-wise comparison matrix is to be created for individual 

criteria using linguistic fuzzy term scale. Table 7 shows fuzzy 

pair-wise comparison matrix of rules with respect to 

confidence measure. Table 8 shows fuzzy pair-wise 

comparison matrix of rules with respect to support measure. 

Table 9 shows fuzzy pair-wise comparison matrix of rules 

with respect to presence of more relevant features and Table 

10 shows fuzzy pair-wise comparison matrix of rules with 

respect to length of rules. Finally weight of rules with respect 

to overall weight criteria is obtained using grouping of all 

weight vectors of rules with respect to each individual 

criteria, which is shown is table 11.Further this matrix will be 

multiply by weight vector of criteria and give final rank of 

rules. 

 

Table 11: Weight of Rules with w.r.t overall Weights of 

Criteria 
 C S P L 

R1 0.25182 0.04148 0.11983 0.07942 

R2 0.25182 0.04148 0.10125 0.19528 

R3 0.03532 0.04148 0.28546 0.03216 

R4 0.03532 0.04148 0.10125 0.19528 

R5 0.13085 0.11286 0.04046 0.07942 

R6 0.07474 0.11286 0.02458 0.03216 

R7 0.07474 0.11286 0.10709 0.07942 

R8 0.03532 0.11286 0.11272 0.19528 

R9 0.03532 0.11286 0.08278 0.07942 

R10 0.07474 0.26978 0.02458 0.03216 

Final weight percentage of each rule is R1= 17%, 

R2=17%, R3=6%, R4=5%, R5=11%, R6=7%, R7=8%, 

R8=7%, R9=6%,R10=11%, which shows R1 and R2 may 

have same rank for recommendation. Similarly R3 & R9 and 

R5 & R10 may rank same for interpretation. 

V. CONCLUSION 

The discussed Fuzzy AHP based association rule 

evaluation method have efficiently handled the fuzziness in 

rules, and have specialty in ranking the rules when measure 

value are very closed and overlapping to each other.  

In this work four measures have been used to evaluate rank 

of 10 potential rules which was selected from panel of rules. 

For fuzzification of measure values the triangular fuzzy 

number is used and pair-based comparison matrix of measure 

is formed. For ten association rules obtained by ILPD data, 

the simple AHP method ranked rule R2 as first &rule R1 as 

second but, fuzzy AHP ranked same for both R2 and R1. This 

technique of decision making will help medical decision 

maker for better decision making and appropriate diagnosis 

of liver disorder. 

REFERENCES 

1. Kumar, P & Thakur, R.S. “Early detection of the liver disorder from 

imbalance liver function test datasets”, International Journal of 
Innovative Technology and Exploring Engineering. 8(4). 179-186, 2019 

2. Ramjeevan Singh Thakur, “Associative Analysis among Attribute of 

ILPD Medical Datasets Using ARM, IJITEE, 8(4), 2019, pp. 321-328. 
3. Mitra Sushmita, Sankar K. Pal, and Pabitra Mitra. "Data mining in soft 

computing framework: a survey." IEEE transactions on neural networks 
Vol.13(1),pp: 3-14, 2002. 

4. Florez German, Susan M. Bridges, and Rayford B. Vaughn. "An 

improved algorithm for fuzzy data mining for intrusion detection." 

Annual Meeting of The North American Fuzzy Information Processing 

Society Proceedings, Vol. 5, 2002. 

5. Herawan Tutut, and Mustafa Mat Deris. "A soft set approach for 
association rules mining." Knowledge-Based Systems Vol. 24(1), pp: 

186-195, 2011. 

6. Liang Wang, Reynold Cheng, Sau Dan Lee, David W. Cheung   
"Accelerating probabilistic frequent itemset mining: a model-based 

approach." Proceedings of the 19th ACM international conference on 

Information and knowledge management. ACM, 2010.  
7. Zou Yan, and Zhi Xiao. "Data analysis approaches of soft sets under 

incomplete information." Knowledge-Based Systems Vol.21(8), pp: 

941-945, 2008. 
 

 

 
 

 

https://www.openaccess.nl/en/open-publications


 

Intelligent Decision Making In Medical Data using Association Rules Mining and Fuzzy Analytic Hierarchy Process 

1818 

Published By: 

Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: F2829037619/19©BEIESP 

Journal Website: www.ijrte.org 
 

8. Au Wai-Ho, and Keith CC Chan. "FARM: A data mining system for 

discovering fuzzy association rules." Fuzzy Systems Conference 
Proceedings,  FUZZ-IEEE'99.  Vol. 3, 1999. 

9. Liang Wang, Kunyuan Hu, Tao Ku, Xiaohui Yan  "Mining frequent 

trajectory pattern based on vague space partition." Knowledge-based 
systems Vol.50,pp: 100-111, 2013. 

10. Luo Jianxiong, and Susan M. Bridges. "Mining fuzzy association rules 

and fuzzy frequency episodes for intrusion detection." International 
Journal of Intelligent Systems Vol.15(8), pp:687-703, 2000. 

11. Kuok Chan Man, Ada Fu, and Man Hon Wong. "Mining fuzzy 

association rules in databases." ACM Sigmod Record Vol. 27(1), pp: 
41-46, 1998. 

12. Amiri Mehran, and Richard Jensen. "Missing data imputation using 

fuzzy-rough methods." Neurocomputing Vol. 20(5), pp: 152-164, 2016. 
13. Wang Li-Xin, "The WM method completed: a flexible fuzzy system 

approach to data mining." IEEE Transactions on fuzzy systems 

Vol.11(6), pp: 768-782, 2003. 
14. Arun Kumar Singh and Akhilesh Tiwari. "Vague Set Based Association 

Rule Mining for Profitable Patterns", International Journal for Science 

and Advance Research in Technology, Vol. 2(2), 2016.  
15. 15.Agrawal R. and Srikant R. Fast algorithms for mining association 

rules in large databases. In Proc. 20th VLDB, pp 478-499, Sept. 1994. 

16. Agrawal R. and Srikant R.  Mining sequential patterns. In Proc. 1995 Int. 

Conf. Data Engineering, Taipei, Taiwan, pp 3-14, March 1995. 

17. Thakur R. S., Jain R. C.,  Pardasani K. R., Graph Theoretic Based 

Algorithm for Mining Frequent Patterns. In Proc. IEEE World Congress 
on Computational Intelligence, Hong kong, pp. 629-633, June 2008. 

18. Priya R. Vishnu, Vadivel A, Thakur R S, “Frequent pattern mining using 
modified CP-Tree for knowledge Discovery”, Advanced Data Mining 

and Applications, LNCS-2010, vol.6440, pp. 254-261, Springer-verlag, 

2010. 
19. T.L. Saaty, “The Analytic hierarchy Process, Planning, Priority Setting, 

Resource Allocation, New York, McGraw-Hill, 1980. 

20. T.L. Saaty, “How to make a decision: The Analytic Hierarchy Process”, 
Interfaces, vol.24, no.6, pp 19-43, 1974.  

21. Arnold Kaufmann and Madan M. Gupta, "Fuzzy mathematical models 

in engineering and management science,Elsevier  Science Publishers, 
North-Holand, Amsterdam,1988.  

22. Mustafa Batuhan Ayhan,  "A Fuzzy AHP Approach for Supplier 

Selection Problem: A Case Study in a Gear Motor Company",  
International Journal of Managing Value and Supply Chains, Vol.4(3), 

2013. 

23. Srichetta, Phanarut & Thurachon, Wannasiri. (2012). Applying Fuzzy 

Analytic Hierarchy Process to Evaluate and Select Product of Notebook 

Computers. International Journal of Modeling and Optimization,  vol. 

2(2), pp. 168-173,  2012. 
24. ILPD Dataset: https://archive.ics.uci.edu /ml/datasets/ ILPD+ 

(Indian+Liver+Patient+Dataset). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://archive.ics.uci.edu/

