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Abstract
In a Human Life Span Heart disease is a major cause of morbidity 
and mortality in the modern society. Medical diagnosis is an 
important but complicated task that should be performed 
accurately and efficiently and its automation would be very 
useful. All doctors are unfortunately not equally skilled in every 
sub specialty and they are in many places a scarce resource. A 
system for automated medical diagnosis would enhance medical 
care and reduce costs.  This paper intends to provide a survey 
of current techniques of knowledge discovery in databases 
using data mining techniques that are in use in today's medical 
research particularly in Heart Disease Prediction. Number of 
experiment has been conducted to compare the performance 
of predictive data mining technique on the same dataset and 
the outcome reveals that Decision Tree outperforms and some 
time Bayesian classification is having similar accuracy as of 
decision tree.
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I. Introduction
The data mining has great potential for exploring the hidden 
patterns in the data sets of the medical domain. These patterns 
can be utilized for clinical diagnosis. However, the available 
raw medical data are widely distributed, heterogeneous in 
nature, and voluminous. These data need to be collected in 
an organized form. This collected data can be then integrated 
to form a hospital information system. Data mining technology 
provides a useroriented approach to novel and hidden patterns 
in the data. The most hospitals today employ some sort of 
hospital information systems to manage their healthcare or 
patient data. These systems typically generate huge amounts of 
data which take the form of numbers, text, charts and images. 
Unfortunately, these data are rarely used to support clinical 
decision making. There is a wealth of hidden information in 
these data that is largely untapped. This raises an important 
question: “How can we turn data into useful information that 
can enable healthcare practitioners to make intelligent clinical 
decisions?” This is the main motivation for this research.

II. Association Rules
Let D = {T1, T2, . . . ,Tn} be a set of n transactions and let I be 
a set of items, I = {i1, i2 . . . im}. Each transaction is a set of 
items, i.e. Ti . An association rule is an implication of the form 
X ε Y, where X, Y ,and X ∩ Y = ε; X is called the antecedent 
and Y is called the consequent of the rule. In general, a set 
of items, such as X or Y , is called an itemset. In this work, 
a transaction is a patient record transformed into a binary 
format where only positive binary values are included as items. 
This is done for efficiency purposes because transactions 
represent sparse binary vectors. Let P(X) be the probability of 
appearance of itemset X in D and let P(Y |X) be the conditional 
probability of appearance of itemset Y given itemset X appears. 
For an itemset X ε  I, support(X) is defined as the fraction of 
transactions Ti ε  D such that X ε  Ti. That is, P(X) = support(X). 

The support of a rule Xε  Y is defined as support (X * Y) = P(X 
* Y ). An association rule X ε  Y has a measure of reliability 
called confidence(X * Y ) defined as P(Y |X) = P(X*Y )/P (X) 
= support(X*Y )/support(X). The standard problem of mining 
association rules [1] is to find all rules whose metrics are 
equal to or greater than some specified minimum support 
and minimum confidence thresholds. A k-itemset with support 
above the minimum threshold is called frequent. We use a 
third significance metric for association rules called lift [25]: 
lift (X * Y) = P(Y |X)/P (Y) = confidence(X * Y )/support (Y ). 
Lift quantifies the predictive power of Xε Y ; we are interested 
in rules such that lift (X * Y ) > 1.

A. Decision Trees
In decision trees [14] the input data set has one attribute 
called class C that takes a value from K discrete values 1, . . 
. , K, and a set of numeric and categorical attributes A1, . . . 
, Ap. The goal is to predict C given A1, . . . , Ap. Decision tree 
algorithms automatically split numeric attributes Ai into two 
ranges and they split categorical attributes Aj into two subsets 
at each node. The basic goal is to maximize class prediction 
accuracy P(C = c) at a terminal node (also called node purity) 
where most points are in class c and c ∈ {1, . . . , K}. Splitting 
is generally based on the information gain ratio (an entropy-
based measure. The splitting process is recursively repeated 
until no improvement in prediction accuracy is achieved with 
a new split. The final step involves pruning nodes to make the 
tree smaller and to avoid model overfit. The output is a set of 
rules that go from the root to each terminal node consisting of a 
conjunction of inequalities for numeric variables (Ai <= x,Ai > x) 
and set containment for categorical variables (Aj ε  {x, y, z}) and 
a predicted value c for class C. In general decision trees have 
reasonable accuracy and are easy to interpret if the tree has a 
few nodes. Detailed discussion on decision trees can be found 
in [7, 8]. to one item. Our first constraint is the negation of an 
attribute, which makes search more exhaustive. If an attribute 
has negation then additional items are created, corresponding 
to each negated categorical value or each negated interval. 
Missing values are assigned to additional items, but they are 
not used. In short, each transaction is a set of items and each 
item corresponds to the presence or absence of one categorical 
value or one numeric interval.

B. Conversion Of  Medical Data Set
A medical data set with numeric and categorical attributes 
must be transformed to binary dimensions, in order to use 
association rules. Numeric attributes are binned into intervals 
and each interval is mapped to an item. Categorical attributes 
are transformed by mapping each categorical value to one 
item. Our first constraint is the negation of an attribute, which 
makes search more exhaustive. If an attribute has negation 
then additional items are created, corresponding to each 
negated categorical value or each negated interval. Missing 
values are assigned to additional items, but they are not used. 
In short, each transaction is a set of items and each item 
corresponds 
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to the presence or absence of one categorical value or one 
numeric interval.

C. Data Set Description
There are three basic elements for analysis: perfusion defect, 
risk factors and coronary stenosis. The medical data set 
contains the profiles of n = 655 patients and has p = 25medical 
attributes corresponding to the numeric and categorical 
attributes listed. The data set has personal information such 
as age, race, gender and smoking habits. There are medical 
measurements such as weight, heart rate, blood pressure and 
pre-existence of related diseases. Finally, the data set contains 
the degree of artery narrowing (stenosis) for the four heart 
arteries.

D. Finding and filtering constraints
The maximum itemset size was set at κ = 4. Association rule 
mining had the following thresholds for metrics. The minimum 
support was fixed at 1% ≈ 7. That is, rules referring to 6 or 
less patients were eliminated. Such threshold eliminated 
rules that were probably particular for our data set. From a 
medical point of view, rules with high confidence are desirable, 
but unfortunately, they are infrequent. Based on the domain 
expert opinion, the minimum confidence was set at 70%, which 
provides a balance between sensitivity (identifying sick patients) 
and specificity (identifying healthy patients) [6, 4]. Minimum 
lift was set slightly higher than 1 to filter out rules where X and 
Y are very likely to be independent. Finally, we use a high lift 
threshold  to get rules where there is a stronger implication 
dependence between X and Y . The group constraint and the 
antecedent/consequent constraint had the following settings. 
Since we are trying to predict likelihood of heart disease, the 4 
main coronary arteries LM, LAD, LCX and RCA are constrained 
to appear in the consequent of the rule; that is, ac(i) = 2. 
All the other attributes were constrained to appear in the 
antecedent, i.e. ac(i) = 1. In other words, risk factors (medical 
history and measurements) and perfusion measurements (9 
heart regions) appear in the antecedent, whereas the four 
artery measurements appear in the consequent of a rule. From 
a medical perspective, determining the likelihood of presenting 
a risk factor based on artery disease is irrelevant. The 9 regions 
of the heart (AL, IS, SA, AP, AS, SI, LI, IL, LA) were constrained 
to be in the same group (group 1). The group settings for risk 
factors varied depending on the type of rules being mined 
(predicting existence or absence of disease). Combinations of 
items in the same group are not considered interesting and 
are eliminated from further analysis. The 9 heart regions were 
constrained to be on the same group because doctors are 
interested in finding their interaction with risk factors, but not 
among them. The default constraints are summarized in Table 
1. Under column “group”, the H subcolumn presents the group 
constraint to predict healthy arteries and the D subcolumn has 
the group constraint to predict diseased arteries.

III. Analysis
Data mining and machine learning techniques in medical data 
includes the following. Some particular issues in medical data 
[7] include distributed and uncoordinated data collection, 
strong privacy concerns, diverse data types (image, numeric, 
categorical, missing information), complex hierarchies behind 
attributes and a comprehensive knowledge base. A well-
known program to help heart disease diagnosis based on 

Bayesian networks is described in [2, 3, 5]. Association rules 
have been used to help infection detection and monitoring 
[7, 8], to understand what drugs are co-prescribed with 
antacids [10], to discover frequent patterns in gene data [5, 
6], to understand interaction between proteins and to detect 
common risk factors in pediatric diseases. Fuzzy sets have 
been used to extend association rules. we explore the idea of 
constraining association rules in binary data for the first time 
and report preliminary findings from a data mining perspective. 
Finally,  studies the impact of each constraint on the number of 
discovered rules and algorithm running time and also proposes 
a summarization of a large number of rules having the same 
consequent. Association rules were proposed in the seminal 
paper [1]. Quantitative association rules are proposed .  such 
technique automatically bins attributes, but such rules have not 
been shown to be more accurate than decision trees. We  use 
different approaches to automatically bin numeric attributes. 
Instead, in our approach it was preferred to use well-known 
medical cutoffs for binning numeric attributes, to improve result 
interpretation and validation. Our search constraints share 
some similarities with  In the authors propose algorithms that 
can incorporate constraints to include or exclude certain items 
in the association generation phase; they focus only in two 
types of constraints: items constrained by a certain hierarchy  
or associations which include certain items. This approach 
is limited for our purposes since we do not use hierarchies 
and excluding/including items is not enough to mine medically 
relevant rules. A work which studies constraining association 
rules in more depth is [4], where constraints are item boolean 
expressions involving two variables. It is well-known that simple 
constraints on support can be used for pruning the search 
space in Phase 1 [3]. Association rules and prediction rules 
from decision trees are contrasted in [6]. The lift measure for 
association rules was introduced in [6]. Rule  are alternatives 
to get condensed representations of association rules.

IV. Conclusion
The Data Mining association rules were used to predict multiple 
related target attributes, for heart disease diagnosis. The 
goal was to find association rules predicting healthy arteries 
or diseased arteries, given patient risk factors and medical 
measurements. This work presented three search constraints 
that had the following objectives: producing only medically 
useful rules, reducing the number of discovered rules and 
improving running time. First, data set attributes are constrained 
to belong to user-specified groups to eliminate uninteresting 
value combinations and to reduce the combinatorial explosion 
of rules. Second, attributes are constrained to appear either in 
the antecedent or in the consequent to discover only predictive 
rules. Third, rules are constrained to have a threshold on the 
number of attributes to produce fewer and simpler rules. We 
want to use adapt search constraints to decision trees to predict 
several related target attributes. A hybrid set of attributes may 
be better, where some attributes may be automatically binned 
by the decision tree, while other attributes may be manually 
binned by the user. A family of small decision trees may be an 
alternative to using a large number of association rules.
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