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Abstract 
 
In this paper, we propose a rule management system for data cleaning that is based on knowledge. This sys-
tem combines features of both rule based systems and rule based data cleaning frameworks. The important 
advantages of our system are threefold. First, it aims at proposing a strong and unified rule form based on 
first order structure that permits the representation and management of all the types of rules and their quality 
via some characteristics. Second, it leads to increase the quality of rules which conditions the quality of data 
cleaning. Third, it uses an appropriate knowledge acquisition process, which is the weakest task in the cur-
rent rule and knowledge based systems. As several research works have shown that data cleaning is rather 
driven by domain knowledge than by data, we have identified and analyzed the properties that distinguish 
knowledge and rules from data for better determining the most components of the proposed system. In order 
to illustrate our system, we also present a first experiment with a case study at health sector where we dem-
onstrate how the system is useful for the improvement of data quality. The autonomy, extensibility and plat-
form-independency of the proposed rule management system facilitate its incorporation in any system that is 
interested in data quality management. 
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1. Introduction 
 
Data quality (DQ) has always been an important issue 
and is even more the case today. The research works 
look at the role of Data Cleaning (DC) tools in helping 
improve DQ and clarify the need to take an enterprise- 
wide approach to DQ management, which is increasingly 
complex, open and dynamic [1,2]. Although there is a 
steady stream of DC tools in practice and research, more 
recent studies have showed that the situation has not en-
hanced and companies do not invest adequately in DQ 
[3]. Therefore new approaches and architectures are re-
quired to help improve the DQ. 

There is a wide variety of DC tools. Their functional-
ity can be classified as follows: Declarative DC and 
Rule-Based approaches for DC (RBDC). Whatever tools 
are chosen, a systematic, the rule-based approach yields 
better results than an unstructured approach [4-6]. Alth- 
ough the Rule Based Systems (RBS) that encode knowl- 
edge as rules and used to process complicated tasks have 

been firmly established for many years, they have not 
been well formally and adequately addressed for the DC 
tasks. Hence there is a need to an appropriate RBS for 
DC.  

The current RBDC solutions often use Business Rules 
(BR), which are constraints on data contained in business 
policies into a formal form in order to allow computeri-
zation [7]. As BR are only a specific part of all Domain 
Knowledge (DK), it is necessary to investigate, how to 
exploit the all DK for DC. The main challenge in DK is 
knowledge discovering, which is usually manually made 
by human experts (interviews or questionnaires) or col-
lected from written sources (books or other reference 
material). Consequently, the first step in the development 
of any RBS for DC is to begin with a collection of the 
knowledge from which the rules will be derived. Orga-
nizing the collected knowledge so that translation to 
rules will be straightforward is also a challenging task for 
the knowledge engineer [2,8].  

Several research works have shown the importance of 
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DK in DC. However, there are few works on knowledge 
management issues for DC.  

Similar to data, knowledge are also issued from diffe- 
rent sources, which may be incomplete, inconsistent, het- 
erogeneous and pervaded with uncertainty. Then, there is 
a need and a wide-ranging interest in managing the qual- 
ity of knowledge and rules in order to ensure high DC 
quality. 

In this paper, we assume that a RBS can play yet an-
other role; it can be an agent of change to improve the 
DQ. Our primary objective is to improve the functional 
capability of a DQ management by embedding it with 
knowledge of the problem area. When the knowledge ac- 
quisition is performed, the system states the knowledge 
in the form of rules and uses these embedded rules to 
provide advice. As the currently RBS allow only the ma-
nipulation of production rules without precise under-
standing of rules theoretical foundations and without 
considering rule quality, our system provides an uniform 
rule representation based on First Order Structure (FOS) 
theory of Logic that allows the representation of all the 
types of rules (derivation, production, integrity, trans-
formation and reaction) and their quality characteristics. 
Hence the proposed RBS for DC contains two subsys-
tems: the first is related to the rules management and the 
second is focused on the rules quality management. In 
this system, we have incorporated two semi-automatic 
processes for the knowledge acquisition and transforma-
tion.  

Another feature of our proposal is that the control and 
the improvement of rule (resp. knowledge) quality are 
performed on-line, incrementally, during the design of 
the system. It permits an early clean of knowledge and 
rules from anomalies and inconsistencies. 

The proposed RBS for DC system lends itself to itera-
tive process because in the first time it has not all the 
information needed to write the knowledge and rules.  

We assume that our proposal can be very advantage- 
ous in the meaning that the RBS can interject and pro- 
vide necessary knowledge at the appropriate points in the 
DC process. 

The rest of this paper is organized as follows: In Sec-
tion 2 the concepts of KBS and RBS, and their applica-
tions are given. It also provides some related works of 
RBDC followed by brief discussion for the motivation of 
this research axis. Section 3 gives an overview of the 
architecture of our system RBS-based DC. We formalize 
in this section the unified rule representation based on 
the use of FOS theory in order to represent all types of 
rule and its quality characteristics. In section 4, we give 
some details of the rule management components. The 
fundamental functions of the system are described in Se- 

ction 5. In Section 6, a case study and some experimental 
results of applying the system to a health sector can be 
found. Finally, a conclusion and some perspectives are 
drawn in Section 7. 

 
2. Background and Some Related Works 

 
As our objective is to enhance the DQ by applying a Ru- 
le based approach in DC, it is necessary then to represent 
some works related to Knowledge Based System, Rule 
Based System and Rules-Based Data Cleaning. 

 
2.1. Knowledge Based Systems 

 
A KBS is defined as an interactive software system that 
uses stored knowledge of a specific problem to assist and 
to provide support for decision-making activities bound 
to the specific problem context. KBSs have been devel-
oped and used for a variety of applications [9-12].  

Knowledge acquisition is the most important element 
in the development of KBS. Knowledge could be obtain- 
ed from domain experts, raw data, documents, personal 
knowledge, business models and/or learning by experi-
ence [12,13]. 

The KBS is vague, and that it is generally hard to sp- 
ecify in advance a KBS completely because of the incre- 
mental nature of the knowledge elicitation process [14]. 

Interviews are considered as the most popular and 
widely used form of expert knowledge acquisition. One 
serious drawback of interviews is the fact that they are 
time-consuming [15]. 

A review of the literature on knowledge systems high-
lights the following major many advantages [16]:  
 Quality improvement. 
 Practical knowledge made applicable: Systems can 

assist experts in decision making even if they have 
that knowledge to hand; this improves the accuracy 
and timeliness of the decision made. 

 Infallible and complete.  
 Consistency: Results produced by a knowled- ge sys-

tem are consistent throughout its operational lifespan.  
 Updating knowledge. 

Very often people express knowledge as natural lan-
guage or using letters or symbolic terms. There exist se- 
veral methods to extract human knowledge [13]. 

 
2.2. Rule Based Systems 

 
RBSs prove to constitute one of the most substantial tech- 
nologies in the area of applied Artificial Intelligence (AI). 
They have used in diverse intelligent systems. Some in-
teresting recent applications of RBS are the ones that are 
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related to business and the Semantic Web. Both current 
research works and applications go far beyond the tradi-
tional approach [13,17]. 

In the RBS, knowledge is represented in the form of (If 
condition Then conclusion < action >) production rules 
[18,19]. A rule describes the action that should be taken 
if a rule is violated. The empirical association between 
conditions and conclusions in the rule base is their main 
characteristic. The general architecture of RBS includes 
domain independent components such as the rule repre-
sentation, the inference engine, the explanation system, a 
rule engineering tool and a specific user interface [15, 
20]. Modern shells for the development of RBS, such as 
CLIPS, Jess, Drools, Aion, Ilog Rules, or Gensym’s G2, 
follow this architecture. Most of this RBS are just shells 
providing a rule interpreter and sometimes an editor [21]. 

Various rule representation techniques are available. 
However, the rules for DC would require an appropriate 
rule representation technique that allows the manage-
ment of rule and its quality, and the presentation of all 
type of rule [20]. 

Let us notice that there are different categories of rules: 
integrity, production, derivation, reaction and transfor- 
mations. Integrity rules consist of a constraint assertion. 
Derivation rules are used to derive conclusion whenever 
the conditions hold. Production rules produce actions if 
the conditions hold, while post-conditions must also hold 
after the execution of actions. A reaction rule is a state-
ment of programming logic that specifies the execution 
of one or more actions in case of occurrence of a trigge- 
ring event and satisfaction of its conditions. Optionally, 
after executing the action, post-conditions may need to 
be satisfied [22,23]. Rules can be also extracted from ex- 
isting programs codes that are not expressed in any spe- 
cific rule dialect by using program slicing techniques 
[24]. 

The main problem encountered the implementation of 
RBS concerns the complete specification of non-redun- 
dant and consistent set of rules. This turns out to be a te- 
dious task requiring significant effort of DK engineers. 
The approaches to verification and validation of RBS do 
not solve the problem entirely. The verification that is 
performed after the system designed is both costly and 
late. Moreover, after introducing the corrections of detec- 
ted errors, the verification cycle must be repeated. The 
problem consists in the possibility of introducing new 
errors through correction of the old ones [17].  

The distinctive feature of our system is the design of 
Rule-based system for data cleaning, which allows one to 
manage formally rules and their quality. 

 
2.3. Rule Based Data Cleaning 

 
Although DK has been identified as one of the main in-

gredients for successful DC, the issue of knowledge rep-
resentation to support DC strategies has not been well 
dealt with [25]. Entire DQ process will be integrated rule 
management system in order to achieve clean of data that 
is as automated, as correct and as quick as possible. 
Therefore only small number of data would be left for 
manual inspection and reprocessing [26]. 

The most current systems based on rules for DC use 
generated rules to check data in designated tables and 
mark erroneous records, or to do certain updates of inva-
lid data. They will also store information about the rules 
violations in order to provide analysis of such data [8, 
26]. 

The incomplete and inconsistent information is a ma-
jor challenge for RBDC. The quality of a rule base which 
is an infinity problem that is difficult to solve is an es-
sential issue for the RBDC processing. However, this 
can’t be done effectively using classical logic [27,28]. 

FOS theory is particularly interesting [29], as it can be 
a basis towards strong theoretical foundation for devel-
oping a rule form that permits us to manage rule and its 
quality. 

 
2.4. Discussion 

 
The RDBC approaches proposed for both academic re-
search and practical applications have certain persistent 
limitations related to the following aspects of rule de-
sign: 
 No practical methodology for RBS is acceptable for 

RBDC systems because these methodologies are 
available only for rule production and don’t ensuring 
the quality of rule. 

 Lack of formal relation of the rule representation to 
logic. 
Consequently the development of an appropriate RBS 

for DC is a crucial issue for the final success of RBDC 
where the rule representation should be of satisfactory 
expressive power in order to express all of the required 
rules and be easy to handle and manage rule and its qual-
ity. Rule quality control consists in checking for some 
formal properties that a rule base should exhibit. Let us 
notice that the most typical formal proprieties are: Con-
sistency, completeness, determinism, redundancy and 
efficiency [30]. 

So in this paper, we target at dealing with above limi-
tations by providing an appropriate RBS for DC in which 
the rule form is based on FOS theory [29].  

Our proposal started from the idea that the quality of 
DC results is determined by the quality of rules used for 
cleaning. The use of FOS provides a concise and elegant 
rule representation for the management of rule and its 
quality. 
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3. Rule Based Data Cleaning System 
 

An important advantage of the proposed RBDC system 
is that its design is based on strong rule-based DC meta- 
model. In addition the metamodel is used as a basis for 
the development and specification of the uniform rule re- 
presentation. 

 
3.1. Rule based Data Cleaning Metamodel 

 
The generic meta-model in Figure 1 which is drawn with 
the UML notations illustrates the most important infor- 
mation which is worth tracking on RBS for DC. These 
information are captured through the life cycle of the rule- 
based DC systems and its supporting data. 
 

 

Figure 1. Rule based data cleaning meta-model. 

The role of the metamodel is to provide the most com- 
ponents of the system and their relationships. Hence, it 
offers a good basis to design the RBDC system with the 
understanding of its functionality and to define a uniform 
rule representation. The metamodel is divided into two 
parts, one that presents the knowledge/rule based system 
and the other that contains the rule management system 
and rule quality management system. As depicted in Fig- 
ure 1, the main types of rules considered in this meta- 
model are: reaction, production, integrity, derivation and 
transformation.  

The concept of Component aims at realizing a unified 
rule form. As the condition and conclusion are the com-
mon components of each type of rules, the idea behind 
the use of Component concept is to represent the uncom- 
mon components (for example the component: post-con- 
dition is only used for a reaction rule). 

 
3.2. Rule Representation 

 
The expressive power of our rule representation consti-
tutes a crucial feature with respect to the ability of know- 
ledge specification. Hence, it is of primary importance to 
properly find a uniform rule form that deals with the li- 
mitations described above. 

Although there are several rule representation built on 
top of First Order Logic, the concept of Structure that gi- 
ves a context for determining the value (true, false) of a 
given formulae has not been taken into account. In this 
work, we provide rules with the concept of Environment 
which is an adoption and an adaptation of the Structure 
in order to create a uniform rule form. Therefore, the rule 
form is defined as following: 

IF Condition THEN Conclusion ON Environment 
The Environment which is built incrementally and it-

eratively has three main parts: Initial Environment (Ini-
tial_Env), Global Environment (Global_Env) and Rule 
Environment (Rule_Env). It contains three kinds of in-
formation: Universe (U), Quality Dimensions (QD) and 
Component (Cr). The Universe sets a desired target data 
where the rule will be applied and the actions will be 
taken if rule is violated. The Quality Dimension is a set 
of dimensions for the management of the rule quality. 
The QMS selects suitable metrics from the metrics table 
for each dimension (see Figure 2) and so uses them to 
evaluate and to verify the quality of rules. The Compo-
nent is a set of information (triggering event, post-con- 
dition and so on) that characterize each type of rule. 
Thereafter the general form of rule can be rewritten as 
follows: 

IF A THEN C ON {U, QD, Cr} 
where:  
 A is a conjunction of atomic conditions. This set is 
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empty in the case of integrity rule. 
 C is a set of atomic conclusions.  
 U = {DataSet(R), Action} where DataSet(R) is the set 

of data in which the rule R is applied and the Action is 
the programs that will be taken when the rule is vio-
lated. 

 QD is the list of quality dimensions that are used to 
evaluate the quality of a given rule. 

 Cr = {Event, PostCondition…}.  
Table 1 shows how the proposed rule representation is 

wanted to be a general rule form for writing all types of 
rules in comparison with related works described in [31] 
that arrange rules types in an hierarchical structure (like 
Rule Markup Language: RuleML, R2ML) [32]. 

As the goal of this work is to clean data, it is worth 
noted that our system defines the Action for each rule 
differently to the currently RBS where Action is only 
defined for the reaction and production rules. 

 
3.3. Overview of the RBDC System Components 

 
In this section, we provide an overview of our RBDC 
system. The proposed system after its installation enables 
users and knowledge workers to create and to update 
knowledge and rule through a user interfaces. The rule 
after its creation is affected to the corresponding tempo-
rary rules base, which are used to facilitate the extraction 
of rule characteristics. These characteristics are exploited 
by the system to manage the rules and their quality.  

Figure 2 shows the design of the proposed RBDC 
system. The system is a set of knowledge sources, proc-
ess, tasks, structures and subsystems. It is based on the 
KBS and RBS technologies. The proposed RBDC sys-
tem consists of ten elements. 

The main knowledge sources used by the RBDC sys-
tem are:  

1) Domain Knowledge: it is the set of knowledge 
sources from which knowledge can be obtained. In our 
work, the legacy system, programs and databases re-
ferred also to as domain knowledge parts. 

2) Knowledge/Rule bases: the Knowledge Base (KB) 
is temporary area where the knowledge transformations 

 
Table 1. Different rule forms. 

Type Condition Conclusion Post Condition Event

Integrity 0 1+ 0 0 

Reaction 1+ 0 0+ 1 

Production 1+ 0 0+ 0 

Derivation 1+ 1 0 0 

Transformation 0+ 0+ 0 0 

x = 0,1.    x: exactly x     x+ = at least 

 

Figure 2. Rule based data cleaning system. 
 

are applied. The Rule Base (BS) is the physical area 
where rules are stored in order to will be used for DC. 
Once the knowledge is transformed into a rule, it will be 
stored in the RB and deleted from the KB. 

The most typically tasks and processes of the system 
are: 

1) Installation: as the design of RBDC system is inde-
pendent of the databases to be cleaned; then, it becomes 
necessary to configure the environment required for per-
forming the RBDC.  
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2) Knowledge Acquisition: This process focuses on 
extracting knowledge from experts knowledge, books, 
documents, and so on by using manual form text or ques- 
tionnaires. 

3) Knowledge Transformation: it provides a set of op-
erations necessary to transform knowledge onto rules.  

4) Rule Classification: the goal of this task is to affect 
each rule to its type (Production, Reaction, Derivation, 
Integrity and Transformation). For each type, we have 
defined the corresponding rule template, with which a 
given rule will be compared. 

5) Mapping: it provides a set of transformations rules 
that permit the expression of each rule of temporary RB 
with respect to the uniform rule syntax.  

6) Rule extraction: it uses the techniques of extraction 
of rule automatically from computers (Databases, legacy 
systems, programs). 

As the system is interactive, it provides three types of 
user interfaces. The first type is Knowledge User Inter-
faces (KUI), which allows us to manage and interact 
with the informations about knowledge. The second type 
is Quality User Interface (QUI) which allows managing 
the quality dimensions and metrics. The third type is 
Rule User Interface (RUI) which is similar to the KUI. 

The RBDC system enables to manage the rule by the 
Rule Management System (RMS) and its quality by the 
Quality Management System (QMS). Each system which 
is considered as a subsystem of the RBDC system is 
suite of software applications that together make it pos-
sible to apply operations on rule and its quality.  

More details of the functions of the main elements of 
the system will be described later in section 5.  

As time advances and the sources of DK from which 
rule is extracted change, rules base must be synchronized 
with the underlying sources. Thus, after an initial built of 
our system, RB must be refreshed. For this end, our sys-
tem allows the refreshment of RB for DC in real time. 

 
4. Description of the System 

 
As we have indicated above, the proposed system pro-
vides two subsystems for the management of rules and 
their quality. These subsystems which are fully inte-
grated with the RBS for DC use the Environment com-
ponent as basis for rule management. 

 
4.1. Environment 

 
This subsection gives the detail of the construction of the 
Environment of rule. Let us notice that, contrary to the 
Global Environment and the Rule one, the Initial Envi-
ronment is available for any rule. 

4.1.1. Initial Environment 
The Initial_Env is a set of common quality dimensions 
which are independent of particular target rule base and 
applicable and available for each RBS. In particular, it is 
the set of the most typical proprieties presented in dis-
cussion section. It is created during the installation task. 

 
4.1.2. Global Environment 
The Global_Env is also a set of quality dimensions spe-
cific to the rule base and/or data set to clean. These di-
mensions can be performing in all rules or a subset (one) 
of rules. They are introduced to the system through the 
QUI by the user. They can be also introduced during the 
insertion or modification of rules through the RUI. 

 
4.1.3. Rule Environment 
The Rule_Env is the set of information necessary to the 
building and execution of rule. These information are 
introduced by the user through the RUI or extracted from 
the knowledge base as depicted in Figure 2. The rule is 
considered effective if the Universe (both dataset to 
clean and action are not empty) is defined. 

 
4.2. Rule Management System 

 
A Rule Management System is a software package that 
performs and controls the creation, modification, sup-
pression and the archiving of rules. The rules are stored 
in relational tables. When the rule is not yet applied on 
data, it can be deleted or archived. The user can be in-
volved to manipulate the rule through the RUI. 

 
4.3. Quality Management System 

 
As the quality of DC results is determined by the quality 
of rule, our system integrates a module for rule quality 
management which can be performed automatically or 
by the user through the QUI. The QMS follows the con-
tinuous life cycle of Total Data Quality Management 
[33]: Define, Measure, Analyze and Improve rules as 
essential activities to ensure high quality of data. 

Differently to data where the DQ improvement can 
change the value of data, the QMS can only deactivate or 
archive rule when it is evaluated poor. Therefore, the 
user defines the quality dimensions and their quality 
metrics which allow measuring the quality of rule- 
through the QUI and after the QMS analyzes the quality 
of rule in order to decide how to improve it. Let us notice 
that the use of Environment is to allow an incremental 
define of quality dimensions and their metrics.  

Figure 3 shows how we have defined, measured, ana-
lyzed and improved the Accuracy dimension.  

Let us notice that the quality dimension can be measured  
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Figure 3. Management of accuracy dimension quality. 
 

by combining multiple metrics and also a metric can be 
used by multiple dimensions. So in our system each met-
ric is implemented as atomic function (code). 

 
5. RBDC Functions 

 
As we have indicated above, this section gives the full 
details of the processes and tasks described above in sub- 
section 3.3. 

 
5.1. Installation 

 
The installation as we have described above is an impor-
tant task because it allows to the user to define the in-
formation and requirements necessary to the RBDC. 
Among the most typically information, we cited:  
 Location of databases,  
 Users authorized to use the rule-based data cl- eaning 

system,  
 List of sources that are parts of the domain kn- owl-

edge, 
 A set of ontologically based data quality dimensions 

and metrics used in the literature and also are impor-
tant to rules.  

 Keywords of the domain knowledge which will be 
used to regrouping the knowledge.  
 

5.2. Knowledge Acquisition 
 

This process follows two steps: Collection and Storage. 
The Collection step aims at collecting the information 

extracted from sources of DK using questionnaires in 
natural language. The memorization of these information 
is made during the Storage step according to structured 
language sentences through the KUI in the KB. Note that 
the user can store directly these information through the 
KUI. 

Step 1: Quality Dimension Define 
Name: Accuracy 
Definition: It refers to the degree with which a rule  
correctly cleans the data set. 
Rule target: All        
 
 
Step 2: Quality Dimension Measure       
Name Metric: Correctness 
Definition: It is the ratio of the number of correct 
applications of rule to the total number of application  
 
 
Step 3: Quality Dimension Analyze 
Name Analyze: Accuracy_value 
Definition: It is the result of the comparison of ration 
correctness and a given threshold: 

Accuracy_value: = correctness < threshold. 
  

Step 4: Quality Dimension Improve 
Name Analyze: Accuracy_Improve 
Action: if the Accuracy_value of the rule is true then 
the QMS will activate or archive the rule and indicate 
this to the user in order to change the rule. 

 
5.3. Knowledge Transformations 

 
Differently to the KDS which performs this task during 
knowledge acquisition process, our system performs it 
separately (after) to the above process because it needs 
the intervention of knowledge engineer. The main activi-
ties are: 
 Creation of knowledge sets according to the keywords 

knowledge. 
 Rewriting of knowledge which does not resp- ect the 

language sentences. 
 Elimination of duplicate knowledge. 
 Decomposition of knowledge in atomics know- ledge. 
 Elimination of duplicate atomic knowledge.  
 Translation of knowledge into rules. 

 
5.4. Rule Extraction 

 
As we have indicated above, the proposed phase allows 
the extraction of rules from programs, legacy systems 
and so on by using the data mining and programs slicing 
techniques. In generally, these techniques extract know- 
ledge as association rules with confidence and support 
metrics. 

 
5.5. Rule Classification 

 
At this phase, the majority of rules are not in the RB and 
don’t respect the proposed rule form. Then, there is a 
need to regroup them according to their types. To this 
end, each rules type has an appropriate rule template wi- 
th which a given rule will be compared in order to de-
termine its temporary rule base (i.e. type). The rule clas-
sification simplifies the rule formalization and ensures a 
higher clarity and consistency of the rule description. 
This last allows one to identify aspects that are necessary 
to compute certain quality dimensions of rules. For ex-
ample the support and confidence metrics are used to 
compute the accuracy of a rule. 

 
5.6. Rules Mapping 

 
Rules mapping is a task that moves rules from temporary 
rules bases (integrity, transformation, derivation, produc-
tion and reaction bases) to rules base (RB), where the 
rules will be written according to our general rule represent- 
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tation. The system extracts Condition, Conclusion, Global 
Environment and Rule Environment from rules before 
their transformations. The most typically rules transfor- 
mations are: 

1) Transformation 1: Rule_Condition: 
It aims at transforming the Condition component of 

rule in conjunction of atomic conditions. 

Rule_Condition (R in Temporary RB) =  i = n
i = 0 iC

where Ci is an atomic Condition 
This transformation is the same for all types of rules. 
2) Transformation 2: Rule_Conclusion 
It aims at transforming the Conclusion component of 

rule in conjunction of atomic conclusions. 

 i i

Rule_Conclusion(R in Temporary RB) =
C C  is atomic Conclusion

  

This transformation is the same for all the types of rules. 
3) Transformation 3: Rule_Univers 
The DataSet(R) is extracted directly from the tempo-

rary rule but if it is empty, then the system supposed that 
the rule is applied in the all data. The physical emplace-
ments of Action are also extracted and stored in the uni-
verse U. these emplacements can be indicate later by the 
user through the RUI. 

4) Transformation 4: Rule_Components 
The Event component of rule, if it exists, should be 

extracted directly from the temporary rule. The PostCon-
dition component, if it exists, should be mapped by ap-
plied Rule_Condition (Transformation 1). 

5) Rule 5: Rule_Quality_Dimensions. 
It is quite complex and tedious task to completely im-

plement this rule transformation. In order to carry out the 
transformation of QD, we have designed the Transf_QD 
algorithm, illustrated in Figure 4.  

 

 

Figure 4. QD Transformation algorithm. 

There are two goals underlying this algorithm. Firstly 
it computes the accuracy value of association rules from 
the support and confidence metrics. Secondly, it identi-
fies the quality dimensions appropriate to a given rule 
from its description and added them to the list of QD of 
the rule. In the case where the QD is not defined, then 
the algorithm allows to the user to create this dimension 
and its metrics through a specific QUI. The algorithm 
also permits the manually selection of quality dimensions 
that are important from the user point of view. 

 
6. Case Study and Some Experimental  

Results 
 

In this section, we present some experimental results of 
the validation of our proposal in the health sector. We 
study the impact of embedded DK in DC for DQ per-
formances. These experiments show that the proposed 
RMS and QMS subsystems deal well with some of the 
limitations of existing rule based data cleaning works. 

The most typically components of the architecture of 
RBDC include: 
 Graphical User Interfaces for the dimensions quality, 

knowledge and rule management.  
 RMS and QMS libraries.  
 Programs corresponding to the proposed algorithms, 

process, tasks and transformations. 
 Association Rules mining tools. 

These components are developed under the JAVA en-
vironment. They connect to the Rule-bases, Knowledge 
bases, Quality tables and Databases to be cleaned via 
JDBC Bridge. All the data and rules are in the relational 
schemata. SQL Query is used in our experimentation to 
perform the extraction and storage of Knowledge/rules. 
The collection of knowledge from KD is realized 
through a manual form designed especially for the col-
lection of health information. 

The atomic conditions and conclusions of rule in this 
experimentation are based in the use of attributive logic, 
which uses attributes for denoting some proprieties (A) 
of objects (o) and atomic values of attributes (d). It has 
this form [34]:  

A(o) op d  

Algorithm Transf_QD 
Inputs: 

 QUI : Quality User Interface 
 List(QD) : List of QD created during the  installation task 
 QD(R) : list of QD of a given rule R 

{QD(R) 
 If R is Association Rule then 
       {Accuracyf(support, confidence)} 

{For each QD RB do { 
If QD  List(QD) then 

      {Open QUI 
       Do { 

Quality Dimension Define of QD 
Quality Dimension Measure of QD 
Quality Dimension Analyze of QD 
Quality Dimension Improve of QD 
}} 

QD(R) QD(R)  QD} 
Select QD from list(QD) 
QD(R) QD(R)  QD} 

where op is operator. 
The results of this case study provide several impor-

tant observations:  
1) Quality of rules: One of the main features of our 

proposal is the generation of rules and knowledge with 
their dimensions and metrics quality that allow to the 
system to discover more interesting and higher quality 
rules. 

2) Expected rules: This kind of rule can be considered 
as rare, as they would be pruned by many objective in-
terestingness measures (support and confidence). The use 
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of Universe in rule representation has allowed reducing 
the number of expected rules.  

3) Uncertainty Rule: contrary to the inference engine 
which does not reasoning with uncertain rules [35], our 
system reduces the uncertainty by specifying the domain 
and appropriate dimensions quality of rule by the end 
user and the incrementally construction of the Global 
Environment of rule.  

4) Rule and Quality Dimensions Groups Validation: 
this distinguished feature of this work is the ability for 
the end user to examine groups of rules or of quality di-
mensions for group/one rules and decide whether to ar-
chive or deactivate a group as whole. For example, for a 
given rule, we can deactivate its appropriate quality di-
mensions if it is necessary.  

5) Autonomous: The QMS and RMS can be perfor- 
med in on-line and off-line mode. During the initial buil- 
ding of RBDC, the off-line mode is preferable. The clean 
of data can be also in real time i.e. when data is added to 
the database. 

Although the design of the architecture allows one to 
use the notions of parallelism and pipeline, the time con- 
suming is the major challenge of this proposition espe- 
cially during the initial building of the RBDC system.  

 
7. Conclusions and Perspectives 

 
This work confirms that conventional software engine- 
ering and knowledge engineering are complementary and 
both essential for developing the increasingly larger sys-
tems of today. In this context, this paper describes an 
approach that advocates the use of knowledge rule-based 
systems techniques for data cleaning systems. In particu-
lar, we aim to make domain knowledge explicit and se- 
parate from the system where will be used for data 
cleaning. For representing domain knowledge, we inves-
tigated a uniform and unified rule representation form 
based on the creation of the environment component that 
stored information especially for the management of rule 
and its quality. Besides dealing with some limitations of 
currently RBS and KBS cited above, the system through 
the case study allows us to observe many advantages. 
The major challenge of our proposal is the time consum-
ing. Then, it makes its implementation tedious and com-
plex. This is related to the problem of automation of 
knowledge acquisition that is not yet resolved.  

Finally, once this system is designed, we intend to 
make it independent from specific database. Therefore, it 
would be interesting to perform this system with other 
possible databases. The QMS will also include a feed-
back loop to enhance the rule quality. 
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