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Abstract— In Data Mining, the usefulness of association rules is strongly narrow by the huge amount of delivered rules. To 
overcome this drawback, we can make use of several techniques such as redundancy reduction, itemset concise 
representations, and postprocessing. However, as per statistical information, these methods do not assurance that the 
extracted rules are interesting for the user. Thus, it is difficult to the decision maker and requires essential help with an 
efficient postprocessing step in order to reduce the number of rules. This paper proposes a new interactive approach to prune 
and filter discovered rules. First, we propose the use of Ontologies to improve the integration of user knowledge in the 
postprocessing task. Second, we propose the Rule Schema so that the user can express goals and expectations concerning the 
association rules. And finally, an interactive framework is designed to assist the user throughout the analyzing task. Our new 
approach is applied over voluminous sets of rules, by integrating domain expert knowledge in the postprocessing step, to 
reduce the number of rules to several dozens or less. Moreover, the quality of the filtered rules was validated by the domain 
expert at various points in the interactive process.  
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I. INTRODUCTION 
 
 Association rule mining [1], is considered as one of 
the most important primitive task in Knowledge 
Discovery in Databases [2]. Among sets of items in 
transaction databases, it aims at discovering primitive 
dependencies that can be valuable information for the 
decision-maker. An association rule is defined as the 
implication X Y, described by two interestingness 
measures—support and confidence—where X and Y 
are the sets of items and X ∩ Y =�; Apriori [1] is the 
first algorithm proposed in the association rule mining 
field and many other algorithms were derived from it. 
Starting from a database, it proposes to extract all 
association rules satisfying minimum thresholds of 
support and confidence. It is very well known that 
mining algorithms can discover a prohibitive amount 
of association rules; for instance, thousands of rules 
are extracted from a database of several dozens of 
attributes and several hundreds of transactions. 
Furthermore, [3] valuable information is often 
represented by those rare—low support—and 
unexpected association rules which are surprising to 
the user. So, the more we increase the support 
threshold, the more efficient the algorithms are and 
the more the discovered rules are obvious, and hence, 
the less they are interesting for the user. 
As a result, it is necessary to bring the support 
threshold low enough in order to extract valuable 
information. Unfortunately, the lower the support is, 
the larger the volume of rules becomes, making it 
intractable for a decision-maker to analyze the mining 
result. Experiments show that rules become almost 
impossible to use when the number of rules overpasses 
100. Thus, it is crucial to help the decision-maker with  

 
an efficient technique for reducing the number of 
rules.  
 
To overcome this drawback, several methods were 
proposed in the literature. On the one hand, different 
algorithms were introduced to reduce the number of 
itemsets by generating closed [4], maximal [5] or 
optimal itemsets [6], and several algorithms to reduce 
the number of rules, using nonredundant rules [7], [8], 
or pruning techniques [9]. On the other hand, 
postprocessing methods can improve the selection of 
discovered rules. Different complementary 
postprocessing methods may be used, like pruning, 
summarizing, grouping, or visualization [10]. 
Pruning consists in removing uninteresting or 
redundant rules. In summarizing, concise sets of rules 
are generated. Groups of rules are produced in the 
grouping process; and the visualization improves the 
readability of a large number of rules by using adapted 
graphical representations. However, most of the 
existing postprocessing methods are generally based 
on statistical information in the database. Since rule 
interestingness strongly depends on user knowledge 
and goals, these methods do not guarantee that 
interesting rules will be extracted. For instance, if the 
user looks for unexpected rules, all the already known 
rules should be pruned. Or, if the user wants to focus 
on specific schemas of rules, only this subset of rules 
should be selected. Moreover, as suggested in [11], the 
rule postprocessing methods should be imperatively 
based on a strong interactivity with the user. 
The representation of user knowledge is an important 
issue. The more the knowledge is represented in a 
flexible, expressive, and accurate formalism, the more 
the rule selection is efficient. In the Semantic Web1 
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field, ontology is considered as the most appropriate 
representation to express the complexity of the user 
knowledge, and several specification languages were 
proposed. This paper proposes a new interactive 
postprocessing approach; IPARO (Interactive post 
mining of Association Rules using Ontologies) to 
prune and filter discovered rules. First, we propose to 
use Domain Ontologies in order to strengthen the 
integration of user knowledge in the postprocessing 
task. Second, we introduce Rule Schema formalism by 
extending the specification language proposed by [12] 
for user beliefs and expectations toward the use of 
ontology concepts. Furthermore, an interactive and 
iterative framework is designed to assist the user 
throughout the analyzing task. The interactivity of our 
approach relies on a set of rule mining operators 
defined over the Rule Schemas in order to describe the 
actions that the user can perform. 
This paper is structured as follows: Section 2 
introduces notations and definitions used in the paper. 
Section 3 describes related work and motivations for 
using Ontologies. Section 4 presents the proposed 
IPARO framework and its elements. Section 5 is 
experimental analysis done using proposed method 
over a questionnaire database. Finally, Section 6 
presents conclusions and shows directions for future 
research. 
 
II. NOTATIONS AND DEFINITIONS  
 
The association rule mining task can be stated as 
follows: association rule is an implication of X Y. 
Where X is a set of Attribute Dimensions 
{(d1,d2,….dx)}/ dx is a dimension of database DB, x 
€{1,2,…N}. Similarly Y is a of Attribute Dimensions 
{(d1, d2….dy)}/ dY is a dimension of database DB, y 
€{1,2,…N}.  Let I = {i1, i2, i3….im} be a set of items 
on a transaction database D= {T1, T2, T3….Tn}. it 
holds dx∩dy is an empty set. In short, itemset X can 
also be denoted as X= {i1, i2, i3….ik}. For an itemset, 
the number of items is called length of the itemset and 
an itemset of length k is referred to as k-itemset. Each 
transaction Ti contains an itemset{i1, i2, i3….ik} 
with a variable k number of items for each Ti.  
Definition1: The association rule A=>B is true in D, 
with support s and confidence c. Support s is defined 
as , percentage of transactions in D, that contain both 
A and B (AUB), in transaction D. Confidence c is the 
percentage of transactions in D, containing A that also 
contains B. 
 
Support (A, B) = P (AUB) 
Confidence (A=> B) = P (B|A) =P (AU B)| P (A) 
 
The problem is to find all associations rules that 
satisfy user-specified minimum support and minimum 
confidence constraints. Starting from a database and 
two thresholds minsupp and minconf for the minimal 

support and, respectively, the minimal confidence, the 
problem of finding association rules, as discussed in 
[1], is to generate all rules that have support and 
confidence greater than the given thresholds. This 
problem can be divided into two main problems:   
First, all frequent itemsets are extracted. An itemset X 
is called frequent itemset in the transaction database D 
if supp(X) ≥ minsupp; And then, for each frequent 
itemset X, the set of rules X –Y Y , with Y and 
satisfying conf(X-Y Y)≥ minconf is generated. If X 
is frequent and no superset of X is frequent, X is 
denoted as a maximal itemset.  
 
Definition2: A Closed itemset [13] is defined as an 
intemset X which has the property of being the same 
as its closure, i.e., X=cit(X). The minimal closed 
itemset containing an itemset Y is obtained by 
applying the closure operator cit to Y.  
 
Definition3: Let R1 and R2 be two association rules. 
We say that ruleR1 is more general than ruleR2, 
denotedR1 R2, ifR2 can be generated by adding 
additional items to either the antecedent or consequent 
of R1. In this case, we say that a rule Rj is redundant 
[14] if there exists some rule Ri such that RiRj. In 
consequence, in a collection of rules, the 
nonredundant rules are the most general ones, i.e., 
those rules having minimal antecedents and 
consequents, in terms of subset relation. 
 
 Definition4: A rule set is optimal [6] with respect to 
interestingness metric if it contains all the rules except 
those with no greater interestingness than one of its 
more general rules. An optimal rule set is a subset of a 
nonredundant rule set. 
 
Definition5:  Formally, an ontology is a quintuple 
O={C, R, I, H, A}[15]. C = {C1, C2, . . . , Cn}  is a set 
of concepts and R ={R1,R2, . . .,Rm} is a set of 
relations defined over concepts. I is a set of instances 
of concepts and H is a Directed Acyclic Graph (DAG) 
defined by the subsumption relation (is-a relation, ≤) 
between concepts. We say that C2 is-a C1, C1 ≤ C2, if 
the concept C1 subsumes the concept C2. A is a set of 
axioms bringing additional constraints on the 
ontology. 
 
III. RELATED WORK 
 
The use of Ontologies has been increasing over a wide 
range of applications such as semantic web etc. This 
could be a advantage in user knowledge representation 
based Ontologies [16]. Ontologies allow reducing 
number association rules at several levels and 
flexibility in integrating user background knowledge. 
Let us consider supermarket item taxonomy shown in 
Figure 1. 
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Figure1 : Supermarket item Taxonomy 

 
The user might believe that there exists some 
associations among milk OR cheese, fruit items and 
beef etc.. The rules generated are confined to set of 
association rules to the specifications. But when 
working with direct database issues, developing 
specifications becomes more complex task.  
Here two data properties are integrated of Boolean 
type in order to define the products that are useful in 
diets and those that are ecological. 

 
Figure 2: Ontology Design for Supermarket Item Taxonomy 

 
During ontology design approach, description logic 
allows concept definition using restrictions. The 
structure of ontology resulting after applying reasoner 
is shown in Figure 2. 
Frequent itemset generation is an expensive operation 
in mining frequent closed itemsets. Interesting 
measures are used in order to reduce the number 
frequent itemsets and association rules. For this 
CLOSET[17] and MAFIA[5]are the two approaches 
used to represent efficient way of frequent itemsets but 
these methods suffers with a drawback of information 
loss and shows effect on generating association rules. 
The issues arise because of information loss and 
redundancy on association rules are effectively 
handled using Ontologies where user can specify 
background knowledge, interesting measures and 
supports various pruning techniques. Ontologies also 
discover hidden rules and patterns in the transactional 
databases.   
In data preprocessing, a very recent approach uses 
Ontologies [18], which allows several domain-specific 
and user-defined constraints. These constraints are 
introduced and grouped into two types: pruning 
constraints, meant to filter uninteresting items, and 
abstraction constraints permitting the generalization 
of items toward ontology concepts. The data set is first 

preprocessed according to the constraints extracted 
from the ontology, and then, the data mining step 
takes place. The difference with our approach is that, 
first; they apply constraints in the preprocessing task, 
whereas we work in the postprocessing task. The 
advantage of the pruning constraints is that it permits 
to exclude from the start the information that the user 
not interested in, and permitting to apply Apriori 
algorithm to the new database. 
The following section will present a new framework 
IPARO to discover efficient and effective association 
rules using Ontologies and item related filters and 
Rule schemas. 
 
IV. DESCRIPTION OF IPARO 

FRAMEWORK 
 
This paper proposes a new interactive post processing 
approach, IPARO- Interactive Postmining of 
Association Rules using Ontologies, to prune and 
filter discovered rules. The proposed approach is 
composed of two main parts as shown in Fig. 3.  

 
Figure 3: IPARO framework Description 

 
First, we propose use of knowledge base as Domain 
knowledge which offers the user knowledge in 
database domain Ontology in order to strengthen the 
integration of user knowledge in the post processing 
task. Second, we iteratively applies a set of filters over 
extracted rules and introduce Rule Schema formalism 
by extending the specification language proposed for 
user beliefs and expectations toward the use of 
ontology concepts. Furthermore, an interactive and 
iterative framework is designed to assist the user 
throughout the analyzing task. The interactivity of our 
approach relies on a set of rule mining operators 
defined over the Rule Schemas in order to describe the 
actions that the user can perform. 
The novelty of this approach resides in supervising the 
knowledge discovery process using two different 
conceptual structures for user knowledge 
representation: one or several Ontologies and several 
rule schemas generalizing general impressions, and 
proposing an iterative process. 
A. IPARO Process Description  
The IPARO framework proposes to the user an 
interactive process of rule discovery, presented in Fig. 
4.  
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Figure 4: Interactive Process Description 

 
Taking into consideration of user feedbacks, the user 
can revise expectations in function of intermediate 
results. Several steps are suggested to the user in the 
framework as follows: 
1. Ontology construction— using existing databases 
and Ontologies, the user develops Ontology on 
database items; 
2. Defining Rule Schemas—the user expresses set of 
goals and expectations concerning the association 
rules that user wants to find; 
3. Choosing the right operators – can be applied over 
the rule schemas created, and then, applying the 
operators; 
4. Visualizing the results—the filtered association 
rules are proposed to the user; 
5. selection/validation—starting from these 
preliminary results, the user can validate the results or 
user can revise information; 
6. Use of filters— two filters can be applied over rules 
whenever the user needs them with the main goal of 
reducing the number of rules; and 
7. The interactive loop – permits to the user to revise 
the information that user proposed. Thus, can return 
to step 2 in order to modify the rule schemas, or can 
return to step 3 in order to change the operators. 
Moreover, in the interactive loop, the user could 
decide to apply one of the two predefined filters 
discussed in step 6. 
 
Ontologies allows to improve General Impressions 
(GI) [16] and the syntax as follows  
gi(<S1,…..S2>)[support, Confidence] 
Where Si is an element of an item taxonomy or an 
expression defined using *+/? Operators and support 
and confidence thresholds are optional.  
To improve association rules, we can use filters such 
as conforming rules, unexpected rules consequent 
and/or antecedent. To improve association rule 
selection, a new rule filtering model called Rule 
Schema (RS) [12], which describes a rule-like 
formalism to find interesting rules and act like rule 
grouping, defining rule families.  
A Rule Schema expresses the fact that the user expects 
certain elements to be associated in the extracted 
association rules. This can be expressed as  
RS (<X1,….,Xn()Y1,…..,Ym>),  
where X,Y are belongs to General Impression 
formalism.  

B. Ontology Description: 
Domain knowledge, defined as the user information 
concerning the database, is described in our 
framework using ontology. Compared to taxonomies 
used in the specification language proposed in, 
ontology offer a more complex knowledge 
representation model by extending the only is-a 
relation presented in taxonomy with the set R of 
relations. In addition, the axioms bring important 
improvements permitting concept definition starting 
from existing information in the ontology as an 
example described in ontology construction as shown 
in Figure 5.  

 
Fig 5: ontology construction. 

 
C. Pruning operator: 
The pruning operator allows to the user to remove 
families of rules that user considers uninteresting. In 
databases, there exist, in most cases, relations between 
items that we consider obvious or that we already 
know. Thus, it is not useful to find these relations 
among the discovered associations. The pruning 
operator applied over a rule schema P(RS), eliminates 
all association rules matching the rule schema. To 
extract all the rules matching a rule schema, the 
conforming operator is used. 
D. Conforming operator 
The conforming operator applied over a rule schema C 
(RS), confirms an implication or finds the implication 
between several concepts. As a result, rules matching 
with the entire elements rule schema are filtered.  
E. Exceptions operator 
The exception operator is defined only over 
implicative rule schema E (RS) and extracts 
confirming rules with respect to new implicative rule 
schema X Z˄¬ Y, where Z is a set of items. 
F. Filtering operator: 
In order to reduce the number of rules, three filters 
integrate the framework: operators applied over rule 
schemas, minimum improvement constraint filter 
[19], and item relatedness filter [20].  
Minimum improvement constraint filter (MICF) 
selects only those rules whose confidence is greater 
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with minimum than the confidence of any of its 
simplifications [19].  
Let us consider association rules 
Grape, pearmilk (Confidence=85%) 
Grapemilk (confidence=90%) 
Pearmilk (confidence = 83%) 
The item-relatedness filter (IRF) was proposed [20], 
starting from the idea that the discovered rules are 
generally obvious; they introduced the idea of 
relatedness between items measuring their semantic 
distance in item taxonomies. 
 
V. EXPERIMENTAL ANALYSIS 
 
This experimental analysis is based on a high 
dimensional questionnaire database, which deals with 
customer’s satisfaction. The database consists on a 
sample of 1500 out of total 50,000 customers and 
consists of 67 different questions with four possible 
answers expressing the degree of satisfaction: very 
satisfied, quite satisfied, rather not satisfied, and 
dissatisfied selected as {1,2,3,4}.  
In order to target the most interesting rules, we fixed a 
minimum support of 2 percent, a maximum support of 
30 percent, and a minimum confidence 80 percent for 
the association rules mining process, and we use 
Apriori algorithm in order to extract association rules 
and 385,072 rules are discovered.  
In this approach, for reducing the number of rules, we 
used pruning filters MICF, IRF and pruning rule 
schemas, rule schema filters are defined in the 
following. 
G. Pruning Rule Schemas   
In out proposed approach we use the following 
Pruning Rule Schemas. The set of Pruning rule 
schemas defined as follows: 
RS1: <Entry hall Close Surroundings>, 
RS2: <Stairwell  Entry Hall> 
RS3: <CloseSorroundings><Entry Hall> 
RS4: <Entry Hall Stairwell>  
H. Filtering Rule Schemas 
In out proposed approach we use the following 
Filtering Rule Schemas. The set of Filtering rule 
schemas defined as follows: 
RS1:<DissatisfactionPrice> with Operator C(RS1) 
RS2:<DissatisfactionCalmDistrict> with 
OperatorC(RS2) 
RS3:<DissatisfactionCommonAreas> with Operator 
C(RS3) 
The user will define set of pruning rule schemas and 
filtering rule schemas. Now the user is faced with a 
whole set of 358,072 association rules extracted. First 
we focused on pruning filters. If MICF is applied all 
the specialized rules not improving confidence are 
pruned. The MICF prune 92.3 percent of rules and in 
IRF prunes 71 percent of rules. In third pruning filter, 
Pruning Rule Schemas prunes 43 percent of rules. 
Now we compared the three pruning filters and the 

combinations of the pruning filters are presented in 
Table1.  

NO MICF IRF PRS 
INTERESTING 

RULES 
GENERATED 

1    358,072(100%) 
2 X   27,602 (7.7%) 
3  X  103,891(29%) 
4   X 207,196(57%) 
5 X X  16,473(4.6%) 
6 X  X 21,822(7.7%) 
7  X X 73,091 (20%) 
8 X X X 13,382 (3.7%) 

TABLE 1: PRUNING RATE FOR EACH FILTER 
COMBINATION 

 
From the above Table1, applying the three filters over 
the set of association rules implies a rule reduction of 
96.3% percent. However, applying the most reducing 
combination number 8, the expert should analyze 
13,382 rules which are not possible with regular 
Apriori approach. The following issues are observed 
and analyzed 
1. On the fifth line, combining MICF with IRF 
reduces the number of rules to 77 rules; 
2. Combining  IRF with pruning using Rule Schemas 
the set of rules is reduced to three rules; and 
3. We can also note that in the last two rows, the filters 
have the same results. 
 Here MICF, IRF, PRS are defined over a rule schema 
and thus these can change once Rule Schemas are 
changes.  
 
CONCLUSION 
 
In this paper we address the problem of selecting 
interesting association rules throughout large sets of 
discovered rules. The major work done on our 
approach is briefed here. First, we integrated user 
knowledge in association rule mining using two 
different types of formalism: Ontologies and rule 
schemas. In post mining step we integrated of user 
domain knowledge concerning the database field in 
the post mining step. We also defined new Rule 
Schemas, extending the specification used to express 
the user expectations and goals to discover rules. And 
secondly, we use set of operators, applicable over the 
rules schemas in order to guide the user in post mining 
process. Several pruning and filtering operators are 
used in this approach. And finally IPARO framework 
assists the user throughout the mining task and 
permits user an easy way of selection set of operators 
and filtering rules.  
After applying our IPARO approach over a 
voluminous dataset, we allowed the integration of 
domain expert knowledge in the prost mining process 
in order to reduce the number of rules several or less in 
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number. The quality of the filtered rules was validated 
by the expert throughout the interactive process.                           
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