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Abstract—field of data processing is changing as fastly as the
volume is increasing at a faster pace and as the more intelligent
and automated viewpoint for looking at data are the need of the
time. This changing need is from all dimensions of life like
Business, Biology Medical Research, Education, Governance,
Risk Analysis, Text Analysis and Social Relation Management.
These domains putting more and more difficult to manage
storage, and computationally complex challenges before scientific
community. To summarize or to take decisions, finding
interesting and useful patterns in data is must. Association Rule
Mining is the branch of data mining that is very helpful in this
context.
Association rule mining plays critical and important part in
knowledge mining. The difficult task in is discovering hidden
knowledge i.e useful rules from the large number of rules
generated for reduced support. For pruning of rules or grouping
the rules, many techniques are suggested such as rule structure
cover methods, informative cover methods, rule clustering, etc.
Another way of selecting association rules is based on
interestingness measures such as support, confidence, correlation,
and so on. In this paper, we study various interestingness
measures and their use in selecting interesting and useful rules.
These association rules are of utmost importance in
implementing software systems that are based on methods and
techniques of Data Science, Big Data and Data Mining. Because,
the interestingness evaluation of association rule has the
significance for the practical application of association rule mining
technology, so it is necessary to study and improve it
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I.

INTRODUCTION

So what’s getting ubiquitous and cheap? Data. And what is
complementary to data? Analysis. All modern computation
streams of analytics like Data Science and Big Data Analytics
along with older streams Data Mining, Knowledge Discovery,
Data Processing, Business Reporting are facing the challenges
putted before by the huge amount of data or information

produced from various computational and non computational
systems( later on digitized using some way).
Computer systems and information communication system
are producing large volume of data. This information is stored
in computer database systems. Association rule mining (ARM)
is the most popular knowledge discovery technique used in
several areas of applications. In ARM, large number of
Association rules or patterns or knowledge is generated from
the large volume of dataset. But most of the association rules
have redundant information and thus all of them can not be
used directly for an application. So pruning or grouping rules
by some means is necessary to get very important rules or
knowledge. One way of selecting very interesting rules is using
interestingness measures to rank and select a small set of rules
of different characteristics. Another way is forming groups or
clusters of rules and selecting very important rules from each
cluster.
II.

METHODS OF CALCULATING INTERESTINGNESS OF
ASSOCAITION RULESS

The problem of mining association rules was first
introduced in Agrawal et al 1993. The aim of association rule
mining is to find interesting and useful patterns in a transaction
database. Later on the method was extended to find interesting
and useful patterns in relational databases too. The database
contains transactions which consist of a set of items and a
transaction identifier (e.g., a market basket, due to which also
sometimes referred to as Market Basket Analysis). Association
rules are implications of the form X -> Y where X and Y are
two disjoint subsets of all available items. X is called the
antecedent or LHS (left hand side) and Y is called the
consequent or RHS (right hand side). Association rules have to
satisfy constraints on measures of significance and
interestingness. [1]There is a strong need of measures that can
tell us about the health of the Association Rule.
Data mining is an area of data analysis that has arisen in
response to new data analysis challenges, such as those posed
by massive data sets or non-traditional types of data.
Association analysis, which seeks to find patterns that describe
the relationships of attributes (variables) in a binary dataset, is
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an area of data mining that has created a unique set of data
analysis tools and concepts that have been widely employed in
business and science. Data mining receives much attention
from artificial intelligence and databases, and the association
rule is one of the most important research fields of data mining.
In this paper, the advantages and disadvantages of the specific
indicators of objective measure, subjective measure, and
association rule based on statistical perspective are discussed.
Some indicators of statistical perspective are adopted to
measure the association rules, which can effectively solve the
problems of association rules. This paper first provides a
discussion of objective measures for assessing the
interestingness of association patterns than cover Subjective
Measures.
A. Ojective Measures of Intrestingness
The objective measures used to evaluate the interestingness
of association patterns are a key aspect of association analysis.
Indeed, different objective measures define different
association patterns with different properties and applications.
Benefit of using objective measures is that they are
quantitatively representable, relatively visual and are easy to
operate. Objective Measures are support, confidence, lift,
improve, validity, influence, Conviction and Bi-lift, Biimprove, and Bi-confidence, for Lift, Improve, and
Confidence, respectively etc.
1) Support
Support [16] means the frequency that the data fields “A”
and “B” involved in association rules occur together in the data
set. Only the association rules appear frequently in the itemsets,
when it gets high accuracy. Support can be used to measure the
usefulness of association rules. When the frequency of “A” and
“B” occurring at the same time is equal to or greater than the
designated minimum support threshold, “A” and “B” meet
frequent itemsets. Support can be expressed as

where N(AB) is the record number of “A” and “B” that
appeared together, and |D| is the total record number of
transactions in data sets.
Support is classic but also has the defects of artificially
controlled threshold and rare itemsets. Many infrequent
itemsets in the data set may have potential value. Besides, at
present in large electronic commerce system, the number of
subjects (users) and the amount of projects increase
exponentially. Online transaction data and user evaluation data
are extremely sparse.
2) Confidence
Confidence [16] is the statistics of probability P(B | A) that
subsequent events occur under the condition of occurrence of
the precursor events in trading data sets. It is used to measure
the reliability of the rules. Formula is

It is used to combine confidence with support to form
Support-confidence framework for mining association rules
[17]. If Support is larger than the designated minimum support
threshold and Confidence is larger than the designated
minimum confidence threshold, the rules are called strong
association rules. But strong association rules are not always
effective, some are not what users are interested in, and some
are even misleading.
3) Lift
Because of the defects of Support-confidence framework,
some scholars analyze the relativity of association rules mined,
namely, lift [16]. Lift means the ratio of rule’s Confidence to
probability of occurrence of the consequent, which reflects
positive or negative correlation of antecedent and consequence
of rules. It refers to the ratio of the occurrence probability of
“B” under the condition “A” to that without considering
condition “A” , which reflects the relationship between “A”
and “B”:

The range of lift values is [0,+∞]. As lift is equal to 1, it
shows that A and B appearing at the same time belong to
independent random events and have no special significance;
namely, A and B are independent of each other with no mutual
affection. Call this rule uncorrelated rules; if lift value is less
than 1, it shows that the emergence of “A” reduces the
emergence of “B,” and then we call them negative correlation
rules; if Lift value is larger than 1, it shows that the emergence
of “A” promotes the emergence of “B,” and then we call them
positive correlation rules. Problems: Lift takes events A and B
in equivalence position. According to the Lift, (A -> B) and (B
-> A) are the same; that is to say, if we accept rule (A -> B),
(B -> A) should be also accepted, but the fact is not like
this[25].
4) Improve
Literature [21] proposed a new interestingness measure
method of association rules based on the description of the
defects of the traditional interestingness measurement method.
This is called “Improve.” It means that the difference of the
conditional probability P(B|A) and the probability of “B”

But shortcomings of Improve (Imp.) are obvious. Firstly,
how much improvement of probability can be called
improvement? Secondly, the probability of former pieces’
occurrence will seriously affect Improve evaluation in such a
way that when it is high, the improve value will be very small
all the time.
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5) Validity
Literature [18] introduces a new measure method of
association rules, known as validity. Validity is defined as the
difference between the probability of “A” and “B” occurring
together and the occurrence probability of “B” without “A”
occurring in database D. Because the value range of P(AB)
and P(ÀB) are [0,1] , the value range of validity is obviously [1,1] :

6) Influence
The interestingness measure standard based on T
verification is put forward, namely influence[3]. The statistics
T verification method is used to analyze the difference between
the association confidence P(B|A) and the expected confidence
P(B). If the difference is large, it indicates that the occurrence
of A has a relatively large influence on the occurrence of B.
The rule (A -> B) is interesting, and formula is as shown as :
Influence(A->B) = [P(B/A) – P(B)] / σ

7) Bi-Lift
Related researches show that lift method has good
evaluation results. But obviously lift take “A” and “B” in
equivalence position, and it shows that rules (A -> B) and (B ->
A) are the same; if we accept rule (A -> B) , rule (B -> A)
should be also accepted. But the fact is not like this. For this
problem, the paper proposes a Bi-lift measure method; finding
that you want to evaluate the relationship of (A -> B) by lift(A
-> B), you should also study on the relationship of (À -> B), so
we introduce lift(À -> B) to adjust lift(A -> B). The higher the
lift(A -> B) is, the better the rule (A -> B) is, while the higher
the lift(À -> B) is, the worse the rule (A -> B) is. So based on
correction proposed the Bi-lift measure method, as
denominator, and as numerator, namely, ratio of to ; Bi-lift
formula is as follows:

The premise is P((ÀB) ≠ 0, and “A” and “B” are not certain
event or impossible event. Its value range is [0,∞). The Bi-lift
method takes deduction of negative premise as a constraint, to
form a bi-deduction comparing algorithm so as to improve the
reliability of the mutual influence between premise and followup.

8) Bi-Improve
Because of the defects of improve, the paper[25] put
forward Bi-improve. Because the probability of former pieces’
occurrence will seriously affect Improve evaluation in such a
way that when it is high, the improve value will be very small
all the time. In order to eliminate the influence, made a
correction by multiplying the ratio of the occurrence possibility
of antecedent to the no occurrence probability of antecedent.
Biimpro
ve
formu
la is
as
follow
s:

9) Bi-Confidence
Confidence indicates that the appearance of some itemsets
will lead to appearance of other itemsets. But the confidence of
association rules only thinks about the occurrence possibility of
“B” when “A” occurs, but not consider the relationship
between “A” and “B” when “A” does not occur. So it makes a
lot of association rules mining invalid[25]. For the above
problems of association rules, the description of confidence is
not perfect and not enough to show the degree of correlation
between itemsets. Putting forward the concept of Biconfidence, and its definition is as follows:

The value range of Bi-confidence is [-1,1] . If the Biconfidence value is greater than 0, then P(AB) > P(A)P(B),
which shows that “A” and “B” have the positive correlation. If
the Bi-confidence is equal to 1, then P(AB) = P(A) = P(B), and
it shows that “A” and “B” in record set appear together or not.
If the Bi-confidence is equal to 0, and P(AB) = P(A)P(B),
which shows that “A” has no relation with “B” If the Biconfidence is less than 0, then P(AB) < P(A)P(B); it shows that
“A” and “B” have the negative correlation, and negative rules
also have research value. Bi-confidence’s definition not only
contains the correlation factors, but also contains factor.
Therefore, Bi-confidence can fully embody the effectiveness of
the rules. If we use Support-Bi-confidence framework to
replace Support-confidence framework, it not only can mine
association rules effectively, but also can reduce the occurrence
of the weak correlation rules[25].
10) Conviction
As early as 1997, Brin introduced the concept of conviction
(Conv.) [19, 20]:
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negK is the difference degree of the values between the Kth
item in I and the same item in J, The novelty of the antecedent
is equal to the accumulation for the difference degree on each
item of the antecedent, namely:
Its value range is [0,+∞) . When the value of conviction is “1,”
it means that “A” has no relation with “B” And the greater the
conviction is, the higher the interest in the rule will be. But the
conviction constraints are too strict; lots of valuable
association rules will be removed.
B. Subjective Measures of Interestingness
The subjective interestingness mainly involves the
knowledge field, hobbies and other personality characteristics
of the main body (users). Compared with the research of
objective interestingness, the research of subjective
interestingness is relatively rare and immature. The objective
measure once evaluated may not be the mode the users of
measures are interested in, therefore, need for subjective
measures is arose. The subjective evaluation indicator mainly
embodies the subjective factors, such as user participation and
the integration in the field of knowledge, etc. This evaluation of
this level is from the perspective of rules, regardless of the data
in the database.
The subjective measures are Novelty, Availability,
Simplicity, Trust, Comprehensive Evaluation. And the
comprehensive evaluation indicator is the measure indicator
including all kinds of indicators, which is obtained through the
set weighted average of the objective and subjective measure
indicators. Generally, the purpose of association rule mining is
to obtain certain utility or benefit through the use of some
appropriate association rules. So taking the user’s subjective
preference or specific application object into consideration,
profit targets (or revenue function) are the real key for the
users. So two new subjective measures first, for Utility
Function, Incremental Monetary Value(IMV) and second,
Interestingness Function Based on Profit (IFBP) including Cost
function Measure[25].
1) Novelty
Novelty is a relative concept to the primal knowledge, and its
extent reflects on the difference in each item between the
discovered rules and the rules based on the knowledge base
and the difference is respectively reflected on the difference
extent in each item of the antecedent and consequent[26].
Assuming the set made up of the discovered rule is E, and the
rules set in the basic knowledge base is K. The number of
rules in E is |E|, and the number of rules in K is |K|. Assuming
Wi is the novelty of the rule Ei in E relative to K. W(i,j) is the
novelty between the rule Ei and rule Kj in the basic knowledge
base, namely the difference degree. W(i,j) includes two parts:
first, the novelty L(i,j) of the antecedent and the novelty Z(i,j) of
the consequent. Assuming J is the set of all the antecedents
among the rule Kj in the basic knowledge base, and I is the set
of all antecedents among the rule Ei in the E. As for any item
Ik in the I, V(i,j),k is the difference degree between this item and
the rule Kj, we conclude :

after the simplification of the rule, the items number of the
consequent of all the rules in the basic knowledge base is 1, so
is the item number of the consequent of the rules obtained
through data mining algorithms. Therefore, the newly
discovered rule Ei has only two possible relations with any
rule Kj in the knowledge base:(1) the consequent of the two
rules belongs to the same attribute. At this time, the difference
degree(neg) of the corresponding value between the two rules
should be calculated first, namely Z(i,j) = 1 + neg. (2)the
consequent of the two rules does not belong to the same
linguistic variable. At this time, make Z(i,f) = 2 and then
calculate the sum:

Finally,
the
novelty of the new rules can be determined through the
calculated novelty Wt . The rules with higher novelty should
be kept while the rules with lower novelty should be deleted,
and put the leaving rules into the knowledge base.[3]
2)
Availability
The aim that clients analyze the data by data mining tools is
to utilize the result of the data mining to support the decision. If
the clients can improve the work flow and enhance efficiency
according to a certain mode of data mining, then the mode is
interesting. If the client can utilize the obtained knowledge to
take some actions, and thus improve the work efficiency or
bringing some economic profit, it is thought to be practical.
Availability is the function of the costs needed by the
researched system transformed into the associated
space(interested state) Mi from the current space(primal
state)M0. Namely:

The more it costs to transform, the smaller the availability
of the mode has. When the system cannot be transformed into
the associated space from the current space, it is s -> 0.
3) Comprehensive Evalation
In addition, many references also mention the simplicity,
trust, comprehensive evaluation, etc.. And the comprehensive
evaluation indicator is the measure indicator including all kinds
of indicators, which is obtained through the set weighted
average of the objective and subjective measure indicators.
4) Obtaining the Comprehensive Measure through the
Principal Component Analysis
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The fist principal component is obtained through the
principal component analysis, namely it is regarded as a new
comprehensive measure. The computational formula of the
principal component is as shown as follows:
F1 = a11x1 + a21x2 + ... + ap1xp
Through the principal component analysis, we can regard
the indicator associated with the association rule as the variable
X, and not consider the redundancy among the variables[3].
5) Obtaining the Comprehensive Indicator through the
Geometric Method:
RI = sw1 * cw2 * liftw3 * wiw4 * s1ws,
in this formula, s is support, c is confidence, lift is lift, wi is
novelty, and s1 is availability. There are several advantages
using the comprehensive indicator RI: firstly, support,
confidence and lift respectively represents practicality,
credibility, correlation, which can comprehensively reflect all
aspects of association with little redundancy; secondly, this
comprehensive indicator can not only reflect the objectiveness,
but also users' objective interestingness; thirdly, through the
weight, this comprehensive indicator can embody the
importance of indicator and it is not affected by the inconsistent
dimension.

where Price(Bi) is the unit price of goods Bi and Cost(Bi) is
the cost per unit of goods Bi.
7) Cost Function
The cost or the cost of labor should be concerned when
executing the association rules. Let Cost(A -> B) represent the
executing cost of rules of (A->B) , such as the unit cost of
handling commodity “A” from place A to place B. But the
calculation of the so-called executing cost is complicated
sometimes. In order to make the study under the
maneuverability, the executing cost of rules of (A -> B) can be
divided into several levels.
8) Intrestingness Function Based on Profit(IFBP)
On the basis of utility function and the executing cost of
rules Cost( A -> B), recently is proposed interestingness
function based on profit (IFBP) with subjective preferences and
specific application object[25]. The formula for this measure is
as follows:

6) Utility Function Incremental Monetary Value(IMV)
The purpose of association rule mining is to translate it into
real value and to obtain certain utility. Generally utility
function is the concern point of users. Specifically, utility of
rules can be incremental monetary value generated by
association rule [24]. Incremental monetary value (IMV) is the
expected profit (EP) under the guidance of rules minus the
profit you would expect to receive without the guidance of
rules or due to the natural course[25]. Incremental monetary
value is defined as follows in that study:

where Price(Bi) is the unit price of goods Bi and ∑ Price(Bi)
is the sum price of all the “B” sets.
Incremental monetary value (IMV) has some defects, the
probability of former pieces’ occurrence will seriously affect
Improve evaluation (Imp.(A -> B = P(B | A) – P(B)), and, in
order to eliminate the influence, we make correction by
multiplying by the ratio of the occurrence possibility of
antecedent to the no occurrence probability of antecedent. In
addition, utility or value should be price minus cost. So we put
forward antecedent incremental monetary value (AIMV):

C. Interetingness Measures based on Statistical Perspective
Not discussed in detail in this paper, the measures based on
statistical perceptive are Contingency Table, Canonical
Correlation Analysis, Trust, Comprehensive Measure using
Principal Component Analysis, Comprehensive Measure using
Geometric Method, Chi-square etc.
III.

CONCLUSION

Generally, there are two evaluation standards to evaluate
whether an association rule is interesting or not: the objective
measure and the subjective measure. The method of the
objective measure can obtain a quantitative value by the
algorithm, and it is relatively visual and easy to operate.
However, the rule after the evaluation of the objective measure
may be not be the mode users interested in, therefore, the
subjective measure is required. In order to ensure that the final
mining rule can arouse the interests of the users or the experts
in the field, they should be involved in the process and make
use of their knowledge to pruning the rule.
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In addition Mixed Measure which combines users' and
objective measures also of utmost importance, many references
mention the simplicity, trust, comprehensive evaluation, etc..
And the comprehensive evaluation indicator is discussed, this
is the measure indicator including all kinds of indicators, which
is obtained through the set weighted average of the objective
and subjective measure indicators.
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