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Abstract
First, we propose to use ontologies in order to improve the 
integration of user knowledge in the postprocessing task. 
Second, we propose the Rule Schema formalism extending the 
specification language proposed by Liu et al. for user expectations. 
In  Data Mining, the usefulness of association rules is strongly 
limited by the huge amount of delivered rules. To overcome this 
drawback, several methods were proposed in the literature such 
as itemset concise representations, redundancy reduction, and 
postprocessing. However, being generally based on statistical 
information, most of these methods do not guarantee that the 
extracted rules are interesting for the user. Thus, it is crucial to 
help the decision-maker 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. 
Furthermore, an interactive framework is designed to assist the 
user throughout the analyzing task. Applying our new approach 
over voluminous sets of rules, we were able, 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
SSOCIATION rule mining, introduced in [1], is considered as 
one of the most important tasks in Knowledge Discovery in 
Databases [2]. Among sets of items in transac- tion databases, it 
aims at discovering implicative tendencies 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 ;. 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.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. 
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, maximal 
or optimal itemsets , and several algorithms to reduce the number 
of rules, using nonredundant rules, or pruning techniques. On the 
other hand, postprocessing methods can improve the selection 
of discovered rules. 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. 
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 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, 
ARIPSO (Association Rule Interactive post-Proces- sing using 
Schemas and 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, 
Furthermore, an interactive and iterative framework is designed 
to assist the user throughout the analyzing task. 

II. Notations and Definitions

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.
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III. Motivations for the General Impression Improvement 
Using Ontologies
Since early 2000s, in the Semantic  Web context,  the number of 
available ontologies has been increasing covering a wide domain 
of applications. This could  be a great  advantage in an ontology-
based user  knowledge representation.

 

Fig. 1: Supermarket Item Taxonomy [12]

This paper contributes on several  levels  at reducing the number of 
association rules.  One of our most important contributions relies 
on using  ontologies as user background knowledge representation. 
Thus,  we  extend  the  specifica- tion language proposed by 
Liu et al. [17]—General Impressions (GI), Reasonably Precise  
Concepts (RPC), and Precise  Knowledge (PK)—by the use of 
ontology concepts.
Example. Let us consider the case of General Impressions.
The user might believe that there exist some associations among 
milk OR cheese, Fruit items, and beef (assume that the user uses 
the taxonomy in fig. 1). He/she could specify his/her beliefs using 
General Impressions:
where DietP roducts and EcologicalP roducts represent, 
respectively, the set of the products integrated in diets, and those 
products which are produced in an ecological way. Defining such 
concepts is not possible using taxonomies.
Starting from the taxonomy presented in fig. 1, wedeveloped 
an ontology based on the earlier considerations. We propose to 
integrate two data properties of Boolean type in order to define 
the products that are useful in diets (IsDiet), and those that 
are ecological (IsEcological). Description logic [18], used in 
designing ontologies, allows concept definition using restrictions 
on properties. Therefore, the concept DietProducts is defined 
as a restriction on FoodItem hierarchy using the data property 
isDiet, describing the items useful in a diet. Similarly, we define 
EcologicalProducts concept.
In our example, apple and chicken items are diet products,and 
milk, grape, and beef items are ecological products. In fig. 2, 
we present the structure of the ontology resulting after applying 
a reasoner, and the ontology construction is detailed in Section 
5.3.

Fig. 2: Visualization of the Ontology Created Based on the 
Supermarket Item Taxonomy

IV. Related Work
A. Concise Representations of Frequent Itemsets Interestingness 
measures represent metrics in the process of capturing dependencies 
and implications between database items, and express the strength 
of the pattern association.
Since frequent itemset generation is considered as an expensive 
operation, mining frequent closed itemsets (pre- liminary idea 
presented in was proposed in order to reduce the number of 
frequent itemsets.Thus, the number of frequent closed itemsets 
generated is reduced in comparison with the number of frequent 
itemsets.
The CLOSET algorithm was proposed in as a new efficient method 
for mining closed itemsets. CLOSET uses a novel frequent pattern 
tree (FP-tree) structure, which is a compressed representation of 
all the transactions in the database. Moreover, it uses a recursive 
divide-and-conquer and database projection approach to mine 
long patterns.Another solution for the reduction of the number of 
frequent itemsets is mining maximal frequent itemsets. 
The authors proposed the MAFIA algorithm based on depth-
first traversal and several pruning methods as Parent Equiva- 
lence Pruning (PEP), FHUT, HUTMFI, or Dynamic Record- 
ing. However, the main drawback of the methods extracting 
maximal frequent itemsets is the loss of information because the 
subset frequency is not available; thus, generating rules is not 
possible.
B. Redundancy Reduction of Association Rules Conversely, 
generating all association rules that satisfy the confidence threshold 
is a combinatorial problem.
Zaki and Hsiao used frequent closed itemsets in the CHARM 
algorithm in order to generate all frequent closed itemsets. They 
used an itemset-tid set search tree and pursued with the aim of 
generating a small nonredundant rule set [7]. To this goal, the 
authors first found minimal generator for closed itemsets, and 
then, they generated nonredundant association rules using two 
closed itemsets.
Pasquier et al. [8] proposed the Close algorithm in order to extract 
association rules. Close algorithm is based on a new mining 
method: pruning of the closed set lattice (closed itemset lattice) 
in order to extract frequent closed itemsets. Associa- tion rules are 
generated starting from frequent itemsets generated from frequent 
closed itemsets. Nevertheless, Zaki and Hsiao proved that their 
algorithm CHARM out- performs CLOSET, Close, and Mafia 
algorithms.More recently, Li [6] proposed optimal rules sets, 
defined with respect to an interestingness metric. 
A set of reduction techniques for redundant rules was proposed 
and implemented in. The developed techniques are based on the 
generalization/specification of the antecedent/consequent of the 
rules and they are divided in methods for multiantecedent rules 
and multi-consequent rules.
Nevertheless, both closed and maximal itemset mining still break 
down at low support thresholds. To address these limitations, 
Omiecinski proposed in three new impor- tant interestingness 
measures: any-confidence, all-confidence, and bond. All these 
measures are indicators of the degree of relatedness between the 
items in an association. The most interesting one, all-confidence, 
introduced as an alternative to support, represents the minimum 
confidence of all associa- tion rules extracted from an itemset.
C. User-Driven Association Rule Mining Interestingness measures 
were proposed in order to discover only those association rules 
that are interesting according to these measures. They have 
been divided into objective measures and subjective measures. 
Objective measures depend only on data structure. 
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Another related approach was proposed by An et al. in [34] where 
the authors introduced domain knowledge in order to prune and 
summarize discovered rules. The first algorithm uses a data 
taxonomy, defined by user, in order to describe the semantic 
distance between rules, and in order to group the rules. The second 
algorithm allows to group the discovered rules that share at least 
one item in the antecedent and the consequent.
In 2007, a new methodology was proposed in toprune and organize 
rules with the same consequent. The authors suggested transforming 
the database in an associa- tion rule base in order to extract second-
level association rules. Called metarules, the extracted rules r1 → 
r2 express relations between the two association rules and help 
pruning/grouping discovered rules.

D. Ontologies in Data Mining
In knowledge engineering and Semantic Web fields, ontologies 
have interested researchers since their first proposition in the 
philosophy branch by Aristotle. Ontologies have evolved over 
the years from controlled vocabul- aries to thesauri (glossaries), 
and later, to taxonomies.
In the early 1990s, an ontology was defined by Gruber asa 
formal, explicit specification of a shared conceptualization . By 
conceptualization, we understand here an abstract model of some 
phenomenon described by its important concepts. The formal 
notion denotes the idea that machines should be able to interpret 
an ontology. Moreover, explicit refers to the transparent definition 
of ontology elements. Finally, shared outlines that an ontology 
brings together some knowledge common to a certain group, and 
not individual knowledge.
Depending on the granularity, four types of ontologies are proposed 
in the literature: upper (or top level) ontologies, domain ontologies, 
task ontologies, and application ontologies. Top-level ontologies 
deal with general concepts; while the other three types deal with 
domain- specific concepts.
In this paper, we focus on Domain and Background Knowledge 
Ontologies. The first idea of using Domain Ontologies was 
introduced by Srikant and Agrawal with the concept of Generalized 
Association Rules (GAR). The authors proposed taxonomies of 
mined data (an is-a hierarchy) in order to generalize/specify 
rules.
A very recent approach,, uses ontologies in a preprocessing 
step. Several domain-specific and user-defined 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. 
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 theuser is not interested 
in, thus permitting to apply the Apriori algorithm to this new 
database. 

Fig. 3: Framework Description

Let us consider that the user is not sure about which items he/she 
should prune. In this case, he/she should create several pruning 
tests, and for each test, he/she will have to apply the Apriori 
algorithm whose execution time is very high. Second, they use 
SeRQL in order to express user knowledge, and we propose 
a more expressive and flexible language for user expectation 
representation, i.e., Rule Schemas.
The item-relatedness filter was proposed by Natarajan and Shekar. 
Starting from the idea that the discovered rules are generally 
obvious, they introduced the idea of related- ness between the 
items measuring their similarity according to item taxonomies. 
This measure computes the relatedness of all the couples of rule  
items.  We can notice  that  we can compute the relatedness for 
the items  of the condition or/ and  the consequent, or between 
the condition and  the consequent of the rule.

V. Description of the Aripso Framework
The proposed approach is composed of two main parts (as shown 
in fig. 3). First, the knowledge base allows formalizing user 
knowledge and goals. Domain knowledge offers a general view 
over user knowledge in database domain, and user expectations 
express the prior user knowledge over the discovered rules. 
Second, the post processing task consists in applying iteratively 
a set of filters over extracted rules in order to extract interesting 
rules: minimum improvement constraint filter, item-relatedness 
filter, rule schema filters/pruning.
The novelty of this approach resides in supervising the knowledge 
discovery process using two different conceptual structures for 
user knowledge representation:

Fig. 4: Interactive Process Description

A. Interactive  Postmining Process
The ARIPSO framework proposes to the user an interactive 
process of rule discovery, presented in fig. 4. Taking into account 
his/her feedbacks, the user is able to revise his/her expectations 
in function of intermediate results. Several steps are suggested to 
the user in the framework as follows:

Ontology construction—starting from the database, and 1. 
eventually, from existing ontologies, the user develops an 
ontology on database items;
Defining Rule Schemas (as GIs and RPCs)—theuser expresses 2. 
his/her local goals and expectations concerning the association 
rules that he/she wants to find;
Choosing the right operators to be applied over the rule 3. 
schemas created, and then, applying the operators;
Visualizing the results—the filtered association rules are 4. 
proposed to the user;
Selection/validation—starting from these preliminary results, 5. 
the user can validate the results or he/she can revise his/her 
information;
We propose to the user two filters already existing in the 6. 
literature and detailed in Section 5.5. These two filters can 
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be applied over rules whenever the user needs them with the 
main goal of reducing the number of rules; and
The interactive loop permits to the user to revise theinformation 7. 
that he/she proposed. Thus, he/she can return to step 2 in order 
to modify the rule schemas, or he/she can return to step 3 in 
order to change the operators.

B. Improving General
Impressions with Ontologies One existing  approach interests us 
in particular—the specification language  proposed  by  Liu  et  
al.  The authors proposed to represent user expectations in terms  
of discovered rules  using  three  levels of specification: General 
Impressions, Reasonably Precise  Concepts—representing user 
vague  feelings, and finally, his/her Precise Knowledge.
The authors developed a representation formalism which is 
very  close to association rule  formalism, flexible enough, and  
comprehensible for the user.  For the case of General Impressions, 
the authors proposed the following syntax:
gi(<S1 ; ... ; Sm >) [support; conf idence];
where Si is an element of an item taxonomy or an expression defined 
using *+\? operators, and support and confidence thresholds are 
optional.
In the GI formalism, we can remark that the user knows that a 
set of items is associated, but he/she does not know which is the 
direction of the implication, which items he/ she would put in the 
antecedent, and which ones in the consequent. This is the main 
difference between GIs and RPCs—RPCs are able to describe 
a complete implication. PKs express the same formalism as the 
RPCs, adding obligatory constraints of support and confidence.
Moreover, the authors proposed to filter four types of rules using: 
conforming rules and unexpected rules con- cerning the antecedent 
and/or the consequent:

Conforming rules—association rules that are conform- ing • 
to the specified beliefs;
Unexpected antecedent rules—association rules that are• 
unexpected regarding the antecedent of the specified • 
beliefs;
Unexpected  consequent  rules—association   rules   that are   • 
unexpected  regarding  the   consequent  of  the specified 
beliefs; and
Both side unexpected rules—association  rules  that  are • 
unexpected regarding both  the  antecedent and  the consequent 
of the specified beliefs.

In addition, it is difficult  for  a domain expert  to know exactly the 
support and  confidence thresholds for each rule schema   proposed,  
because   of  their   statistical  definition. That  is why  we  consider 
that  using  Precise  Knowledge in user  expectation representation 
might  be useless.

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

Fig. 5: Ontology Description

Restriction concepts  are  described using   logical  expres- sions 
defined over items and  are organized in the C2 subset. In a first 
attempt, we base the description of the concepts on restrictions 
over  properties available in description logics. 
Now,   we   are   able   to  connect   the   ontology  and   the database. 
As already presented, leaf-concepts are connected to  items  in  a  
very  simple   way,  for  example,More interesting, the restriction 
concept DietP roducts will be connected through those  concepts 
satisfying the restric- tions in the definition of the concept.  
Thus, DietP roducts is connected through the concepts apple and 
chicken:

D. Operations Over Rule Schemas
The  rule  schema  filter  is based  on  operators applied over rule  
schemas allowing the  user  to perform several  actions over the 
discovered rules.  We propose two important operators: pruning 
and  filtering operators. The filtering operator is composed of 
three  different operators: conform- ing, unexpectedness, and  
exception. 

Unexpectedness. With a higher interest for the user, the 
unexpectedness operator U(RS) proposes to filter a set of rules 
with a surprise effect for the user. This type of rules interests the 
user more than the conforming one since, generally, a decision-
maker searches to discover new knowledge with regard to his/
her prior knowledge.
In a similar way, we define the two other unexpected- ness operators.
Exceptions. Finally, the exception operator is defined only over 
implicative rule schemas (i.e., RS1 ) and extracts conforming 
rules with respect to the following new implicative rule schema: 

, where Z is a set of items.
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Example.  Let  us   consider  the   implicative  rule   schema
RS : Fruits → EcologicalP roducts, where
f (F ruits)= {grape; apple; pearg}
f (EcologicalP roducts) = {grape; milkg};
and  I = {grape;  apple; pear; milk;  beef } (see  Fig. 1 for 
supermarket  taxonomy). Also,  let  us  consider that  the following 
set of association rules is extracted by traditional techniques:
R1  : grape; beef → milk; pear;
R2  : apple → beef ;
R3  : apple; pear; milk→grape;
R4  : grape; pear →apple;
R5  : beef → grape;
R6  : milk;  beef → grape:
Thus,  the operator C(RS) filters  the rules  R1  and  R3 , the 
operator Up(RS) filters  the rules  R5  and  R6 , and  the operator 
Uc(RS) filters the rules  R2  and  R4 . The pruning operator P (RS) 
prunes the rules selected  by the conform- ing operator C(RS). 
Let us explain  the operator Uc(RS): Uc operator filters  the rules  
whose  conclusion itemset  is not conforming to the conclusion 
concept  of the RS—EcologicalProducts—and  whose  condition 
itemset  is conforming to the  condition concept  of the  RS—Fruits. 
The R4 rule is filtered by Uc(RS) because the itemset apple does  
not contain  an item  corresponding to an Ecological- Products 
concept,  apple 2 f (EcologicalP roducts), and  be- cause  the  
itemset  grape pear contains at  least  one  item corresponding to 
a Fruits concept,  pear 2 f (F ruits).

E. Filters
In order  to reduce the number of rules, three filters integrate 
the framework: operators applied over  rule  schemas, minimum 
improvement constraint filter, and  item- relatedness filter.
Minimum  improvement constraint filter   (MICF) selects  only  
those  rules  whose  confidence is greater with minimp than  the 
confidence of any  of its simplifications.
Example. Let  us  consider the  following three  association 
rules:

Table 1: Examples of Questions and Meaning

grape; pear → milk (Conf idence = 85%);
grape → milk (Conf idence = 90%);
pear → milk (Conf idence = 83%):

We can note that the last two rules are the simplifications of the 
first one. The theory of Bayardo et al. tells us that the first rule 
is interesting only if its confidence improves the confidence of 
all its simplifications. In our case, the first rule does not improve 
the confidence of 90 percent of the best of its simplifications (the 
second rule), so it is not considered as an interesting rule, and it 
is not selected.
The item-relatedness filter (IRF) was proposed by Shekar and 
Natarajan. 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. This 
measure computes the relatedness of all the couples of rule items. 
We can notice that we can compute the relatedness for the items 
of the condition or/and the consequent, or between the condition 
and the consequent of the rule.
In our approach, we use the last type of item- relatedness because 
users are interested to find associa- tion between itemsets with 
different functionalities, coming from different domains. 
This measure is com- puted as the minimum distance between 
the condition items and the consequent items as presented 
hereafter.
The distance between each pair of items from the condition and, 
respectively, the consequent is computed as the minimum path that 
connects the two items in the ontology, defined as d(a; b). Thus, 
the item-relatedness (IR) for a rule is defined as the minimum of 
all the distance computed between the items in the condition and 
the consequent:

Example. Let us consider the ontology in fig. 2. For the association 
rule R1, we can define the item-relatedness as follows:
concerning accommodation. The database consists in an annual 
study (since 2003) performed by Nantes Habitat on a sample of 
1,500 out of a total of 50,000 customers.
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 of 80 percent for the association rules 
mining process. Among available algo- rithms, we use the Apriori 
algorithm in order to extract association rules and 358;072 rules 
are discovered.
For example, the following association rule describes the 
relationship between questions q2, q3, q47, and the question 
q70. Thus, if the customers are very satisfied by the access to the 
city center (q2), the shopping facilities (q3), and the apartment 
ventilation (q47), then they can be satisfied by the documents 
received from Nantes Habitat Agency (q70) with a confidence 
of 85.9 percent:

VI. Experimental Study
This study is based on a questionnaire database, provided by 
Nantes Habitat, dealing with customers satisfaction

A. Ontology Structure and Ontology-Database 
Mapping
In the first step of the interactive process described in the Section 
5.1, the user develops an ontology on database items. In our case, 
starting from the database attributes, the ontology was created by 
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the Nantes Habitat expert. During several session, we discussed 
with the expert about the database attributes and proposed her to 
classify them.
2. [Online] Available: http://www.nantes-habitat.fr/.

Fig. 6: Ontology Structure Visualized with Jambalaya Protege 
plug-in

Moreover, we found other interesting information asking her to 
develop her expectations and knowledge connected to database 
attributes. In this section, we will present the development of the 
ontology in our case study.

1. Conceptual Structure of the Ontology
To describe the ontology, we propose to use the Web Semantic 
representation language, OWL-DL [49]. Based on description 
logics, OWL-DL language permits, along with the ontological 
structure, to create restriction concepts using necessary and 
sufficient conditions over other concepts. Also, we use the Protege 
[50] software to edit the ontology and validate it. The Jambalaya 
[51] environment was used for ontology graph exploration.
The second hierarchy T opics regroups all 17 restriction
concepts created by the expert using necessary and sufficient 
conditions over primitive concepts.
For instance, let us consider the restriction concept Satisf 
actionDistrict. In natural language, it expresses the satisfaction 
answers of clients in the questions concerning the district. In other 
words, an item is instantiated by the Satisf actionDistrict  concept   
if  it  represents  a  question between q1 and q14, subsumed by the 
District concept, with a   satisfied  answer  (1  or   2).  The   Satisf 
actionDistrict restriction concept  is described using  description 
logics language by:

Fig. 7: Restriction Concept Construction Using Necessary and 
Sufficient Conditions in Protege

2. Ontology-Database Mapping
As a part  of rule schemas, ontology concepts are mapped to 
database items. Thus, several  connections between ontology and  
database can be designed. Due to implementation requirements, 
the ontology and  the database are mapped through instances.
The ontology-database connection is made  manually by the  expert.   
In  our  case,  with   the  67  attributes and   four values,  the expert  
did  not meet  any problems to realize  the connection,  but   we   
agree   that   for   large   databases,  a manually connection could  
be very  time-consuming. That is why integrating an automatic 
ontology construction plug- in in our  tool is one of our  principal 
perspectives.
Thus, using the simplest ontology-database mapping, the expert  
directly connected one instance of the ontology to an item 
(semantically, the nearest one). 
Then,  leaf concepts (C0 ) of the Attribute  hierarchy were connected 
by the expert  to a set of items  (semantically, the nearest one). 
Considering the concept  Q11 of the ontology, it is  associated  
to   the   a ttribute  q1 ¼ ‘‘Are you satisf ied with the transport in 
your district?:’’ Furthermore, the con- cept Q11 has two instances 
describing the question q11 with two possible answers: 1 and 3. 
Let us consider that the concept Q11 was  connected by the  expert  
to two  items  as follows:

The connection of generalized concepts follows the same 
idea.A second  type of connection implies  connecting concepts 
of the  T opic hierarchy to the  database. Let us consider the 
restriction concept  Dissastisf actionCalmDistrict (Fig. 7). In 
natural language, it is defined as all the concepts,  subsumed 
by CalmDistrict (connected to questions q8, q9, q10, and  q11) 
and  with  a dissatisfied answer.CalmDistrict u  9hasAnswer:3 
OR hasAnswer:4:Considering that  the  user  has  instantiated 
the  concept  Q8with  answer 3, and  the concept  Q11 with  the 
answers 1 and 3, then  the  concept   Dissastisf  actionCalmDistrict 
is  con- nected  in the database as it follows:

Table 2: Pruning Rule Schemas

Table 3: Filtering Rule Schemas

B. Results
Example 1. This first example proposes to present the efficiency 
of our new approach concerning the reduction of the number of 
rules. To this end, we propose to the expert to test the four filters: 
on the one hand the pruning filters— MICF, IRF, and pruning 
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rule schemas—and on the other hand, the selection filters—rule 
schema filters (meanings of acro- nyms in Table 5). The expert 
could use each filter separately and in several combinations in 
order to compare the results and validate them.
Hence, the expert proposed a set of pruning rule schemas (Table 
2) and a set of filtering rule schemas (Table 3). She constructed 
these rule schemas during several meetings of testing the new 
tool and analyzing generated results.
At the beginning, the expert is faced to the whole set of 358,072 
association rules extracted. In a first attempt, we focus on pruning 
filters. If the MICF is applied, all the specialized rules not improving 
confidence are pruned. In Table 4, we can see that the MICF prunes 
92.3 percent of rules, being a very efficient filter for redundancy 
pruning. In addition, IRF prunes 71 percent of rules—these rules 
implying items close semantically. The third pruning filter, Pruning 
Rule Schemas, prunes 43 percent of rules.
We can also note that combining the first two filters, MICF and 
IRF, the pruning is more powerful than combining the first one 
with the third one. Nevertheless, applying the three filters over 
the set of the association rules implies a rule reduction of 96.3 
percent.

Table 4: Pruning Rate for Each Filter Combination

Table 5: Notation Meaning

However, applying the most  reducing combination number 
8 (Table 4), the expert  should analyze 13,382 rules which  is 
impossible manually. Thus, other  filters should be applied. The 
expert  was interested in the dissatisfaction phenomena, presented 
by answers 3 and  4 in the questionnaire. 
In Table 6, the first column Nb represents the identification of 
each filter combination as denoted in Table 4. We can note  that  
the  rule  schema  filters  are  very  efficient.  More- over, studying 
the dissatisfaction of the clients improves the filtering  power of 
the rule  schemas.
Let us consider the  second rule schema. Applied over  the initial  
set of 358,072 association rules  with  the  conforming operator, 
it filters 1,008 rules representing 0.28 percent of the complete set. 
But it is obvious that  it is very difficult  for an expert  to analyze 

a set of rules  of the order  of thousands of rules.  Thus,  we  can  
note  the  importance of  the  pruning filters,  the  set  of rules  
extracted in  each  case  having less than  500 rules.  We can also 
note  that  the IRF filter  is more powerful than  the  other  pruning 
filters,  and  the  combination of two filters at the same time gives 
remarkable results:

On the  fifth line,  combining MICF with IRF reduces the • 
number of rules  to 77 rules;
Combining IRF with pruning using Rule Schemas the set of • 
rules  is reduced to three rules;  and
We can also note that  in the last two rows,  the filters have • 
the same results. We can explain  this by the fact that we 
are working on an incomplete set of rules because  of the 
maximum support threshold that  we impose in the mining 
process.

It is very important to note that the quality of the selected rules  
was  certified  by the Nantes Habitat expert.

Table 6: Rates for Rule Schema Filters Applied after the Other 
Three Filter Combinations

Example 2. This  second  example is proposed in  order  to outline 
the  quality of the  filtered  rules,  and  to confirm the importance 
of the interactivity in our  framework. To this   end,   we   present  
the   sequence  of  steps   (fig.  8) performed by the  expert  during 
the  interactivity process,  steps  already described in Section 
6.1. We have already presented the first step of the interactive 
process—ontology construction—in Section  5.1.
As in the first example, the expert  is faced  to the whole set of 
rules.  In a first attempt (steps 2 and 3), she proposed to investigate 
the  quality of rules  filtered  by two  of the  rule schemas RS2  
and  RS3  with  the  conforming operator. The first one deals  with  
dissatisfaction concerning the tranquility in the district, and  the 
second  one searches rules  associating dissatisfaction in price with  
dissatisfaction concerning the common  areas of the building.
Applying these two schemas to the whole  rule set, an important 
selection  is made:

C(RS2) filters  1,008 association rules;  and• 
C(RS3) filters  96 association rules.• 

The expert  is in the visualization and  validation steps  (4 and 
5), and  she  analyzes the  96 rules  filtered  by  C(RS3 ), because   
of  the   reduced  number  of  rules   comparing  to 1,008 filtered  
by C(RS2 ).  For example, let us  consider the following set of 
association rules:
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The expert noted that the second rule is a specialization of the 
first rule—the item q16 ¼ 4 is added in the antecedent, and she 
also noted that its confidence is lower than the confidence of the 
more general rule. Thus, the second rule does not bring important 
information to the whole set of rule; hence, it can be pruned. In the 
same way, the expert noted that the forth rule is the specialization 
of the third one, and the confidence is not improved in this case 
neither. 

Fig. 8: Description of the Interactive Process During the 
Experiment

The expert decided to modify her initial information (step 5) and 
to go to the beginning of the process via the interactivity loop (step 
7), choosing to apply the MCIF (step 6) which extracts 27,602 
rules. The expert decided to keep these results (steps 4 and 5) and 
to return in the interactivity loop, going back to steps 2 and 3 in 
order to redefine rule schemas and operators.
This time the expert proposed to use only the rule schema C(RS3 
), as a consequence of high volume of rules extracted by the other 
one. Using C(RS3 ), 50 rules are filtered, and the presence of rules 
1 and 3 and the absence of rules 2 and 4 (from the set presented 
above) validate the use of MICF (steps 4 and 5).
Moreover, the hight reduction of number of rules validate the 
application of C(RS3 ). In this state, the expert returned to step 2 
in order to modify the rule schema proposing RS4 and first, she 
applied the unexpectedness regarding the antecedent operator Up 
(RS4 ), and then, she returned to step 3 in order to modify the 
operator, choosing the exception one E(RS4 ). These results are 
briefly presented in Table 6, but due to space limit, they are not 
detailed in this section.
The expert analyzed the 50 rules extracted by C(RS3 ) and she 
found several trivial implications noting that the implication 
between several items did not interest her. For instance, let us 
consider the following set of rules:

These rules imply items from Entry Hall and CloseSur- rounding; 
thus,  the  expert  proposed to apply rule  schemas RS5 to RS8 with 

the pruning operator (steps 2 and 3) in order to prune those not 
interesting rules. In consequence, 15 rules are extracted, and  the  
absence  of the above  rules  validates the application of pruning 
rule  schemas (steps 4 and 5).
Let us consider the following two  rules:

The expert noted that a great part of the 15 rules are implications 
between attributes subsumed by the same concept in the ontology. 
For instance, the attributes q28 and q17 of the first rule, described 
by the Q28 and the Q17 concepts, are subsumed by the concept 
Stairwell. Similarly, for the second rule, q8 and q9 are subsumed 
by CalmDistrict concept. Thus, the expert applied the IRF filter, 
and only three rules are filtered. One of these rules attracts the 
interest of the expert:

which can be translated by: if a client is not satisfied with the 
cleaning of the close surrounding and the entry hall, and if he is 
not satisfied with the service charges, then it is possible with a 
confidence of 79.1 percent that he considers that his district has 
a bad reputation. This rule is very interesting because the expert 
thought that the building state does not influence the opinion 
concerning the district, but it is obvious that this is the case.

VII. Conclusion
The major contributions of our paper are stated below. First, we 
propose to integrate user knowledge in association rule mining 
using two different types of formalism: ontologies and rule 
schemas.This paper discusses the problem of selecting interesting 
association rules throughout huge volumes of discovered rules. On 
the one hand, domain ontologies improve the integration of user 
domain knowledge concerning the database field in the postpro- 
cessing step. 
On the other hand, we propose a new formalism, called Rule 
Schemas, extending the specification language proposed by Liu 
et al. 
The latter is especially used to express the user expectations and 
goals concerning the discovered rules.
Second, a set of operators, applicable over the rule schemas, is 
proposed in order to guide the user throughout the postprocessing 
step. Thus, several types of actions, as pruning and filtering, are 
available to the user. Finally, the interactivity of our ARIPSO 
framework, relying on the set of rule mining operators, assists 
the user throughout the analyzing task and permits him/her an 
easier selection of interesting rules by reiterating the process of 
filtering rules.
By applying our new approach over a voluminous questionnaire 
database, we allowed the integration of domain expert knowledge 
in the postprocessing step in order to reduce the number of rules to 
several dozens or less. Moreover, the quality of the filtered rules 
was validated by the expert throughout the interactive process.
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