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Abstract
Chronic disorders are the dominant cause of disability and death across the world. Chronic diseases have become a big
threat for human lives and millions of people are losing their lives, including many young and middle age group people.
The number of people dying due to chronic disorders is double that of many virulent diseases (like HIV/AIDS, Malaria
and Tuberculosis), parental conditions, perinatal mortalities and malnutrition combined. 80% of chronic disorder deaths
occur in low level and average level income countries and half of the deaths are in women. The medication has become a
costly affair due to this many poor people are not getting proper diagnosis of their disease. We can use data mining
techniques to cut down the cost of diagnosis of illness by evading many tests by selection of only those attributes which
are really significant for diagnosis of a disease. Dimensionality reduction plays a vital role in the medical field as it
consists of numerous attributes. In this paper we have examined the approach of feature selection for classification and
also exhibited a new technique for the feature selection by using association and correlation measures. The aim of our
paper is to identify the correlated features or attributes of medical dataset, using indirect association mechanism, so that
patient does not require taking many tests and also in future it can be used for designing a clinical decision support
system which aids for decision making during disease diagnosis in an inexpensive way.

I.

INTRODUCTION

Medical data mining has high prospective for
evaluating the hidden patterns in the data sets of the
medical discipline. These patterns can be employed for
clinical investigation. Nevertheless, the available raw
medical data are extensively distributed, diversified and
voluminous in nature. These data required to be gathered
in a systematized pattern. This gathered data can later be
integrated to model a hospital information system. Data
mining technology bestow a user oriented technique to
novel and also hidden patterns in the data.
Chronic disorders are the dominant cause of disability
and death across the world. Chronic diseases [5]took the
lives of over 35 million people in 2005, including many
young and middle age group people. The number of
people dying due to chronic disorders is double that of
many virulent diseases (like HIV/AIDS, Malaria and
Tuberculosis), parental conditions, perinatal mortalities
and malnutrition combined. 80% of chronic disorder
deaths occur in low level and average level income
countries and half of the deaths are in women. Failing to
take action to address the causes, death rate from chronic
disorder will increase by 17% between the year 2005 and
2015.
Feature selection has been an intensive research area in
statistics, pattern recognition and data mining field. The
central idea of feature selection is to extract a subset of
input variables by excluding features with negligible or no
predictive information [6]. Feature selection can

considerably enhance the transparency of the emerging
classifier models and mostly construct a model that
generalizes better to unnoticed points. Moreover, it is
likely the instance that identifying the correct subset of
predictive features is a crucial problem in its own right.
For instance, physician may take a decision based on the
selected features whether a risky surgery is required for
treatment or not.
In data mining field, association rule learning is a wellknown and intensively researched technique for learning
interesting relations between variables in huge databases.
Various algorithms for generating association rules were
presented over the course of time. Few popular algorithms
are Apriori, FP-Growth and DHP. Apriori is the wellknown algorithm for mining association rules. In diseases,
some of the attributes are directly associated or indirectly
associated with other disease. Association rule mining
helps to identify the association among the diseases for
better diagnosis.
II.

LITERATURE REVIEW

A. Feature Selection
Feature Selection for Classification in Medical Data
Mining [1] discusses about the different attributes related
to different diseases. Since the expenses occur on the
identification of disease by going for more investigations
In this paper [2] we have conferred few of efficient
techniques that can be helpful for breast cancer
classification. Amongst the various soft computing
approaches and data mining classifiers, Decision tree is
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identified to be the best predictor having 93.62% accuracy
on SEER dataset and also on benchmark dataset (UCI
machine learning dataset). In future the predictor can be
utilized to model a web based application to accept the
predictor variables and automated system Decision Tree
based prediction can be employed in distant areas like
rural regions or countryside, to mimic like human
diagnostic expertise for prediction of syndrome. The
Bayesian network is also identified to be a well-known
method in medical prognosis specifically it has been well
utilized for Breast cancer diagnosis and prognosis. In near
future we plan to model and implement such system for
web based applications.
The emphasis is on using [3]various algorithms and
mixtures of various target attributes for efficient and
intelligent heart attack prediction using data mining. For
predicting heart attack, significantly 15 attributes are
recorded and along with primitive data mining techniques
other approaches e.g. Time Series, Clustering and
Association Rules, ANN and Soft computing approaches
etc. shall also be integrated. The result of predictive data
mining technique on the same dataset disclose that
Decision Tree exceeds and sometime Bayesian
classification is having much the same accuracy as of
decision tree but alternative predictive methods like
Neural Networks, KNN, Classification based on clustering
are not performing better. The second conclusion is that
the certainty of the Bayesian Classification and Decision
Tree further become better after employing genetic
algorithm to minimize the actual data size to get the
optimal subset of attribute adequate for heart disease
prediction
In this paper we have examined three datasets of
different diseases like Breast Cancer, Heart Disease and
Diabetes. These datasets are downloaded from standard
benchmark UCI repository. Nowadays there is high
possibility of diabetes and heart attack due of hyper
tension and today’s lifestyle and many tests are required
for diagnosis of that disease. By utilizing data mining
approaches and minimizing the number of attributes or
selecting only important characteristics of that disease
among all available attributes, accuracy of classifier can be
improved.
The performance [4]of our proposed approach is
assessed on two medical data sets cancer and diabetes data
sets by correlating it with the traditional classification
algorithms such as Naive Bayes, j48, GNP and neural
networks. Accuracy of Pima data has been improvised
using genetic network programming (GNP). It has shown
1% improvement than traditional Naive Bayes
classification algorithm and 4.6% progress over breast
cancer data. The accuracy of heart disease data using j48
approach is 4% more than Naive Bayes. The accuracy has
been improved by using NN.J48 which outperformed
Naive Bayes and neural networks for Pima and cancer
data. Our proposed approach reached 7.5%improvement
over GNP with chi square [8]for Pima Indian diabetes
data.

III.

PROBLEM DEFINITION

The comprehensive work focus on identifying the key
attributes which are related for the cause of chronic
diseases. Once the important correlated attributes are able
to be identified then it becomes easy to generate good
prescription [7] for doctor without giving overdose
medicine.
A. Preliminary Concepts
Let A = {A1, A2, Am} be a set of m attributes. A subset
X  A is called an attribute set. A k-attribute set is an
attribute set that contains k attributes. Let D = {D1, D2, Dn}
be a set of n records, called a medical database, where
each record Dj, j = 1, 2, n, is a set of attributes such that Dj
 A. Each record is associated with a unique identifier. A
record D contains an attribute set X if and only if X  D.
The support of an attribute set X is the percentage of
records in D containing X. An attribute set X in a medical
database D is known as a frequent attribute set if its
support is equal to, or greater than a user-stated minimum
support threshold, min sup. Accordingly, an infrequent
attribute set is an attribute set that does not fulfill the userstated minimum support threshold.
An association rule is an implication of the form X 
Y, where X, Y ⊆ A and X ∩ Y = Φ. Support of the rule
X Y is a fraction of transactions in the database which
contain X and Y attributes. In other terms, support
measure can be calculated by using the formula
where P (.) is the
probability of (.). Confidence of X Y is denoted as
conf(X Y) and can be calculated by using the formula
Rules which have at least min support and min confidence
are stated to as strong association rules and such
framework is known as the support-confidence framework
for mining association rules.
The problem of mining association rules is to identify
all association rules having confidence at least minconf
where minconf is user-stated parameter. The mining task
is of two steps: 1) Find all frequent item sets. 2) Generate
rules which satisfies minimum confidence. This step is
fairly straightforward. Therefore, the complexity of an
algorithm depends on the complexity of step 1 only [16].
Indirect association between pair of attributes has been
introduced by P.N.Tan.et.al [16]. It examines its utility in
various applications. The phases of this algorithm are (1)
finding frequent attribute sets and (2) finding all indirect
association rules which are satisfying pair of attribute set
support and mediator dependency threshold values.
Definition (Indirect Association):
A pair of attributes X and Y is indirectly associated
through a mediator M, if the following conditions are
satisfied:
1. sup(X, Y) < ts (Item set pair Support Condition)
2. There is a non-empty set M such that
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(a) sup(X ∪ M) ≥ tf; sup(Y ∪ M) ≥ tf; (Mediator
Support Condition)
(b) dep(X, M) ≥ td, dep(Y, M) ≥ td, where dep (P,
Q) is a measure of the dependence between item
sets P and Q. (Mediator Dependence Condition)
The thresholds above are called item set pair support
threshold (ts), mediator support threshold
(tf), and
mediator dependence threshold (td), respectively. In
practice, it is rational to set tf ≥ ts
Condition 1 is required because an indirect relationship
between two attributes is substantial only if both attributes
hardly occur together in the same record. Otherwise, it
makes more sense to distinguish the pair in terms of their
direct association.
Condition 2(a) can be used to assure that the statistical
significance of the mediator set. In specific, for medical
data, the support of an attribute set affects the disease
diagnosed and justifies the feasibility of a taking decision.
Also, support has a nice downward closure property which
allows pruning the combinatorial search space of the
problem. Condition 2(b) ensures that only attributes that
are extremely dependent on the presence of x and y will be
used to form the mediator set.
Over the course of years, several measures have been
proposed to quantify the degree of dependence between
attributes of a dataset. From statistics, the Chi-Square test
is often used for this purpose. Though, the downside of
this approach is that it does not measure the power of
dependency between items [14]. Furthermore, the ChiSquare statistics rely on the number of transactions in the
database. As a consequence, other statistical measures of
association are often used, including Goodman and
Krushkal’s λ, Pearson’s Φ coefficient, Yule’s Q and Y
coefficients, etc. [12].
Interest factor is alternative measure that has been used
quite widely to quantify the power of dependency among
items [9][10][11].
Definition: Given a pair of item sets, say X and Y, its’ IS
measure can be calculated using the following equation.
(1)
Where P denotes the probability that the given item
set appears in a transaction
B. Problem Description
The inputs to this problem are I, a set of attributes
related to the disease, and D, a database of patient medical
data, attribute pair support threshold (ts), mediator
dependency threshold (td), mediator support threshold (tf)
and minimum support (ms). An indirect association rule is
of the form < x, y / M > where x and y are attributes
(disease symptoms) and M is a mediator set. The attributes
(disease symptoms) x and y is indirectly associated
through an item set M. Here x and y are attributes and M
is a set of attributes. An indirect relationship between two
attributes is significant only if both symptoms hardly
occur together (i.e., supp (x, y) < ts) in the same disease
data. Or else, it is more meaningful to distinguish the pair
in terms of their direct association. Mediator support

threshold (tf) can be used to ensure that the relationship
between the mediator set M and the attribute pair (x, y) is
statistically significant. In addition, for disease data, a
large support between the mediator and each of the
attribute pair would justify the feasibility of promoting the
attributes together. Using the mediator dependency
threshold (td) the degree of the dependency of the attribute
pair (x, y) on the attributes that belong to the mediator set
M is tested. The problem is to identify all indirect
association rules between attributes whose attribute pair
support is less than ts, mediator support is greater than tf
and mediator dependency is greater than td.
IV.

EXPERIMENTATION

The experiments are performed on Intel Core i5
Processor system using java. The results are generated and
analyzed with existing system.
A. Proposed Approach
Indirect association is a novel kind of infrequent
pattern, which gives a new way to understand the value of
infrequent patterns and can efficiently lessen the number
of uninteresting infrequent patterns. The notion of indirect
association is to indirectly join two rarely co-occurred
items through a frequent attributes of disease called
mediator, and if effectively utilized indirect association
can help to recognize real interesting infrequent attributes
for disease from databases. Indirect association is closely
related to negative association, as both associations deal
with attributes that do not have adequately high support.
Indirect associations gives an effective way to discover
interesting negative associations by discovering only
infrequent attributes pairs that are highly expected to be
frequent without using negative information or domain
knowledge.
B. Algorithm
Through references it is known that a miniature work
was done on discovering indirect associations between pair
of attributes only. In this section, we adopted a technique
[15]which generates direct and indirect associations
between pair of attributes as well as attribute sets. This
method consists of two algorithms. Algorithm1 identifies
set of all frequent attribute sets and set of all Valid
Candidates (VC). An attribute set V is said to be Valid
candidate if sup (V) ≤ ts and all subsets of V are frequent.
Algorithm 2 finds set of all indirect association rules
between pairs of attribute sets.
Algorithm 1: Finding Frequent Attribute sets (P), and
Valid Candidates (VC)
Input: DDB- Disease Database, ms, ts
Output: P- Positive Frequent attributes, VC- Valid
Candidates
Method:
1. Find P1, the set all frequent 1-attributes
2. for(K=2;Pk-1 != Φ ; K++)
3. {
CK = PK-1 ⋈ PK-1
// Pruning infrequent attributes
4.
for each c ∈ CK {
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5.

if any sub-set of c is not a member of PK-1
then CK = CK –{ c}
6.
}
// find positive frequent attributes Pk and Valid
Candidates (VC) in CK
7. for each c in CK {
8.
if support(c )≥ ms then Pk = Pk U { c }
9.
if support(c )≤ ts then VC= VC U { c }
10.
}
11.
P= P U PK
12. }
13. return P,VC

dependence as 0.4,0.45,0.5,0.55,0.6 and the total number
of rules generated is 35,31,7,7 and 6 respectively

Algorithm 2: Mining Indirect Association Rules

1.
2.
3.
4.
5.
6.
7.

Input: P, VC, tf, td, IAR= Ø
Output: Indirect Association Rules
Method:
for each l (= X U Y) ∈ VC {
for each I ∈ P {
if ( support(X U I ) ≥ tf && support ( Y U I )≥
tf )
if ( dependency( X U I ) ≥ td &&
dependency (Y U I) ≥ td )
IAR= IAR U (X,Y/I )
}}
return IAR

C. Experimental Results and Performance Evaluation
To assess the performance of proposed algorithm
experiments were conducted on two seasonal databases
containing 2500 and 4000 transactions. We concentrate on
mediator support (tf) which is a support of attributeset and
mediator and mediator dependency (td) which is estimated
by Eq. (4.1).
Data set consisting of 2500 transactions with mediator
support as 0.2, 0.25, 0.3, 0.35; mediator dependence as
0.4, 0.45, 0.5, 0.55 is taken and the total number of rules
generated is 205,20,63,31 and 13 respectively. Figure 1
shows the graph showing the mediator support and
mediator dependency vs. total number of rules.

Figure 4-2.Graph showing the mediator support and mediator
dependency vs. total number of rules for 4000 records

A seasonal disease data set consisting of 4000 transactions
with mediator support as 0.2, 0.25, 0.3, 0.35 and 0.4;
mediator dependence as 0.4, 0.45, 0.5, 0.55and 0.6 is taken
and the total number of rules generated is 205,20,63,31
and 13 respectively. Figure 4.3 and Figure 4.4 show the
graphs for different mediator supports and mediator
dependencies vs. total number of rules.

Figure 4-3.Mediator Dependency (td) Vs Total Number of Rules

Figure 4-4.Mediator Support (ts) Vs Total Number of Rules

Figure 4-1.Graph showing the mediator support and mediator
dependency vs. total number of rules for 2500 records

Figure 2 is generated by considering 4000 transactions
with mediator support as 0.2,0.25,0.3,0.35,0.4 mediator

Regular patient data set consisting of 4000
transactions with mediator support as 0.2,0.25,0.3,0.35and
0.4 mediator dependence as 0.4,0.45,0.5,0.55 and 0.6 and
the total number of rules generated is 35,31,7,7 and 6
respectively. Figure 4.5 and Figure 4.6 show the graphs
for different mediator supports and mediator dependencies
vs. total number of rules.

352 | International Journal of Computer Systems, ISSN-(2394-1065), Vol. 02, Issue 07, July, 2015

Jothi Prabha A et al

Identification of Attributes Common for Various Diseases Using Association Analysis

Table 4-2.Transactional Database

Tid

Figure 4-5. Mediator Dependency (td) Vs Total Number of Rules

Figure 4-6. F Mediator Support (ts) Vs Total Number of Rules

D. Sample Run
Consider a database consists of 25 records and 16
attributes. For our convenience, we have given numbers to
each attribute in the database.
Table 4-1 Item Number and Item Name

Item
No

1
2
3
4
5
6
7
8

Attribute
(Symptom )

Fever
Head ache
Body pains
Fatigue
Unusual thirst
Cold
Allergy
Blood pressure

Item
No

9
10
11
12
13
14
15
16

Attribute
(Symptom)

Diabetic
Eosinophilia
Obesity
Chest pain
Excess WBC count
Less Platelet count
Breathing problem
Kidney Pain

T1
T3
T5
T7
T9
T11
T13
T15
T17
T19
T21
T23
T25

Attributes
(Symptoms)
1,2,4,6,16
4,5,7,9,10
2,3,5,7,9
1,2,4,6,10
2,3,4,5,6
2,4,9
1,2,3
5,6
7,8,9
1,3,5,7,9
10,15,16
5,7,9,10,11
13,14,15

Tid
T2
T4
T6
T8
T10
T12
T14
T16
T18
T20
T22
T24

Attributes
(Symptoms)
2,3,4,6
2,3,4,6,9
14,15
8,10,15
2,3,5,7,9
2,4,6,7,9
3,4,5,7,9
7
1,2,4,6
4,5,7,9
1,3,4,6
1,12,13

Frequent Attribute (Symptoms) F= {1}, {2}, {3}, {4},
{5},{6},{7},{9},{10},{1,2},{1,3},{1,4}, {1, 5}, {1, 6},
{2, 3}, {2, 4}, {2, 6}, {2, 9}, {3, 4}, {3, 5}, {3, 9}, {4, 5},
{4, 6}, {4, 9}, {5, 7}, {5, 9}, {7, 9}, {2, 4, 6}, {5, 7, 9}}.
Valid Candidates (VC) = {{1 ,7}, {1, 9}, {2, 5}, {2, 7},
{2, 10}, {3, 6}, {3, 7}, {3, 10},{ 4, 7}, {4, 10},{5, 6}, {5,
10}, {6, 7}, {6, 9},{ 6 ,10},{ 7, 10}, {9 ,10}, {1, 2, 3},
{1, 2, 4}, {1, 2, 6}, {2, 3, 4}, {2, 3, 9}, {2, 4, 9},
{3, 4, 5}, {3, 5, 9}, { 4, 5, 9}}.

Table 4-3 Indirect Association Rules
1—2—6
1—10—6-7
1—15—9
12—4—5
8—11—9
2—1—14
1-2—3—14
3—8—9--12
2—7—15
2—9—15
9-13-14

Fever-Head ache-Cold
Fever-Allergy-Cold-Eosinophilia
Fever-Breathing Problem-Chest
pain
Chest pain—Fatigue—Unusual
thirst
Blood pressure—Obesity, Diabetic
Fever—Head ache—Less platelet
count
Fever—Head ache—Body pains
Less platelet count
Body pains—Blood pressure—
Diabetic---Chest pain
Head ache—Allergy—Breathing
Problem
Head ache—diabetic—breathing
problem
Diabetic, Excess WBC count, Less
platelet count

4—5—7
4—9—7
5—1—6

Fatigue—Unusual thirst—Allergy
Fatigue—Diabetic—Allergy
Unusual thirst—Fever—Cold

5—4—16

Unusual thirst—Fatigue—Kidney pain

6—2—9
Cold—Head ache—Diabetic
6—11—12 Cold—Obesity—Chest pain
1—2—3-6-7 Fever—Cold—Head ache, Body pain,
Allergy
1—4—16
Fever—Fatigue, Kidney pain
3—1—6

Body pain—Fever—Cold

3—2—6

Body pain—Head ache—Cold

3—7—6

Body pain—Allergy—Cold
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CONCLUSIONS
In this work the seasonal disease dataset are used to
identify the common attributes which are causing diseases.
An approach called indirect association rule mining
adopted to identify the attributes which are directly and
indirectly appearing in a disease. The attributes show the
symptoms of disease and the various combinations of
symptoms found in different patients diagnosis was
recorded. By using the above algorithms we checked the
common attribute in various diseases. Once if the common
attribute for many diseases is identified then the
prescription generations becomes very easy for a doctor
and the patient also can reduce the investigations and
consumption of medicine. In our future work we wish to
take many datasets belongs to diseases and identification
the main symptom for the cause of various diseases.
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