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AbstractThe model we suggest makes the data quality 
an intrinsic feature of an intuitionistic fuzzy relational 
database. The quality of the data is no more determined 
by the level of user complaints or ad hoc sql queries 
prior to the data load but it is stored explicitly in 
relational tables and could be monitored and measured 
regularly. The quality is stored on an attribute level 
basis in supplementary tables to the base user ones. The 
quality is measured along preferred quality dimensions 
and is represented by intuitionistic fuzzy degrees. To 
consider the preferences of the user with respect to the 
different quality dimensions and table attributes we 
create additional tables that contain the weight values. 
The user base tables are not intuitionistic fuzzy but we 
have to use an intuitionistic fuzzy RDBMS to represent 
and manipulate data quality measures. 
1 
Index Termsdata quality, quality model, intuitionistic 
fuzzy, relational database 

I. INTRODUCTION 
Throughout the history of the data quality discipline, the 
customer-oriented applications of data have been the focus 
of many data quality initiatives. The discipline has generally 
focused on the domains customer information files, 
campaign management, compliance and transparency, 
enterprise information management (from business 
intelligence to master data management), integration in its 
various styles. However it is hard to define the exact essence 
of the data quality and that’s why a lot of definitions exist 
[1] – [3] that stress different aspects of the task. If we have 
to provide a short, informal and intuitive definition of the 
concept, we could say that data quality gives information 
about the extent to which the data is missing or incorrect. 
But we could also define the data quality with a focus on the 
process character of the task: A high-quality data is one that 
is fit for its intended uses (in operations, decision-making, 
planning, production systems, science etc.) and data quality 
is the process that encompasses all the tasks involved in the 
assurance of these high-quality data. Juran defines quality 
simply as “fitness for use” [4]. The ISO 9000 revision 
IS9000:2005 defines quality as: “Degree to which a set of 
inherent characteristics fulfills requirements” [5]. 

II. THE MODEL JUSTIFICATION 
Data quality could be controlled across several different 
aspects of the existence and operation of an information 
system. The data quality could concern: 
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• The design of the database – i.e. the quality of the 
logical or physical database schema or  
• Could refer the data values that are inserted, stored 
and updated during the entire data flow of the information. 
 
Here we concentrate on the second subject - the attribute 
and tuple level data quality. Important issues here are how a 
high data quality is achieved in a system and how often 
complementary tasks are performed in order to maintain the 
desired level of data quality. A lot of researchers and 
practitioners have developed methodologies and tools to 
enhance the data quality in an IS, mainly by identification 
and cleaning of the errors in data prior to the data load into 
the IS or during an integration process. In this approach, the 
assertion is that only high quality data enter the database. 
The problem here is that the extent of this “high” quality is 
not exactly measured, as well as the fact that the quality of 
data usually degrades with the time of the data existence in 
the system. In this paper we present a model where data 
quality is incorporated in the overall design of a database. 
The relational model is extended with supplementary tables 
where the exact quality level on an attribute level is 
explicitly saved. Such a model readily provides quality 
information at disposal. The quality measures should be 
continuously updated during the life-cycle of the data in the 
information system in order to reflect the actual quality of 
the attribute values which is not always a constant. 
Attribute-based approach is presented also in [6] but we 
leverage intuitionistic fuzzy logic. We do not put 
requirements on the database to be an intuitionistic fuzzy 
one but we need to use an intuitionistic fuzzy RDBMS to 
represent and manipulate the data quality measures. We use 
the Intuitionistic Fuzzy PostgreSQL (IFPG) [7], [8], giving 
the possibility to store and manage intuitionistic fuzzy 
relations.  

III. THE INTUITIONISTIC FUZZY DATA QUALITY ATTRIBUTE 
MODEL 

Before the explanation of the model, we shortly describe the 
notion of quality dimensions. For many people data quality 
means just accuracy. However the quality of data is better 
represented if it is measured also along other - descriptive 
for the specific data - qualitative characteristics. Each of 
these descriptive qualitative characteristics is called a 
quality dimension. The choice of quality dimensions that 
will be measured depends on the user requirements and is 
the theoretical, empirical and intuitive aproaches are 
described in [9] 
 
In the intuitionistic fuzzy data quality attribute model, we 
store the quality on an attribute level basis – i.e. we store 
measures of the quality of the values in the user tables 
/tables I a)/. We keep these quality measures in 
supplementary table that we call quality table /tables I b)/. 
We propose to store and monitor data quality not for all 
attributes in a user table but only for some of them – those 
that bring critical values for the user. The user requirements, 
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the potential type of tasks and requests to the data determine 
which these attributes of a special interest are. For each such 
attribute of a special interest we add in the quality table one 
record for each quality dimension that we want to measure. 
The table contains two attributes which represent µ and ν 
intuitionistic fuzzy degrees that measure the quality along 
the respective quality dimension. 
Let we agree upon the following terminology. The attributes 
in the user tables (containing the source data) we will call 
ordinary attributes. The extent to which it is sure that a 
given characteristic of the data is present along a quality 
dimension we will call presence of quality or positive 
quality. The extent to which it is sure that a given 
characteristic of the data does not exist along a quality 
dimension we will call absence of quality or negative 
quality. The indefiniteness about the presence of quality we 
will call indefinable quality. 
 
In the defined terminology, µ measures the degree of 
positive quality, ν measures the degree of negative quality 
and the indefinable quality is 1 - µ - ν. If the user table 
contains a few attributes and if the tracked quality 
dimensions are not a lot, we could not create a separate 
quality table but keep the ordinary attributes and the quality 
attributes in a single table. However to keep the things clear 
we offer to follow an alternative approach – to create the 
attributes that will keep the quality measures in a separate 
table (we call it quality table) that refers the respective user 
table with the ordinary attributes /tables I a), b)/ The 
intuitionistic fuzzy degree µ is represented by the attribute 
MSHIP and the intuitionistic fuzzy degree ν is represented 
by the attribute NMSHIP. 
 
The relative importance that the user assigns to each quality 
dimension of an ordinary attribute is modeled as a weight. 
This weight gives the share of the respective quality 
dimension in the calculation of the quality of a given value 
in the respective ordinary attribute. Actually these weights 
give the relative importance that the user assigns to each 
dimension. We assume the weights are normalized, i.e. for 
each ordinary attribute, the dimension weights sum up to 1. 
The weights are stored in a dimension-weights table /tables1 
c)/. 
 
Furthermore, we expand the model with another metadata 
table which contains the weight of the quality of each 
ordinary attribute value in the calculation of the total quality 
of a tuple in a table /tables I d)/. These weights give the 
relative importance of an ordinary attribute for the 
calculation of the quality of a tuple. The table represents the 
attribute weights for the attributes of all tables in the 
database. We assume the weights are normalized, i.e. for 
each table, the attribute weights sum up to 1. 
 

TABLES  I, a), b), c), d) 

 
To calculate the quality measures, three methods could be 
utilized. In the first one the data editor introduces the 
measures based on user-defined criteria. In the second one, 
the system calculates the quality measures based on a set of 
user-defined logic or calculations (for instance a set of real-
world categorical words like very weak, weak, strong, very 
strong, etc. could be automatically mapped to a number 
value). In the third one – the quality values could be result 
from the integration and data cleansing tool. In this case 
supplementary to the cleansed data, on the basis of the 
manipulations on the data the data cleansing tool should 
provide on its output aslo enough information for 
calculation of the intuitionistinc fuzzy degrees for the data 
quality along the respective quality dimensions.  Principles 
that can help the users develop usable data quality metrics 
are described in [10]. 
 

TABLES  II, a), b), c), d) 
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Let us consider an example where a company has to conduct 
a marketing campaign. We deside to keep track not only of 
the client data but also of the quality of data on an attribute-
level basis. We extend the relational model with 
supplementary tables, which contain the quality measures 
for each attribute on one or more quality dimensions. In our 
example, this supplementary table for the table Client /tables 
II a)/ is the table Client_Quality /tables II b)/ presented only 
with records for a given Client ID. We can consider this 
table an intuitionistic fuzzy relation, where the degrees of 
membership and non-membership represent the extent to 
which the corresponding attribute value fulfils the quality 
requirements at a certain quality dimension. In the table 
Client_Quality we add one record for each quality 
dimension that has to be tracked for those client attributes 
that are of a special interest. Each record contains 
respectively the µ and ν measures of the quality along the 
respective dimension. For instance the Salary attribute has 
to be measured along two quality dimensions – currency and 
believability, thus for this attribute in the table 
Client_Quality we add two records / tables II b)/ In the 
record for client with ID 100001, the salary’ currency 
MSHIP contains a measure showing the extent to which the 
Salary is current, NMSHIP contains a measure showing the 
extent to which the Salary is not current. The last row in our 
example measures the probability that the salary of the 
client with ID 100001 is the real one or the probability that 
the client lied about his salary. In other words, the 
intuitionistic fuzzy degrees of membership and non-
membership answer the question (vague terms are 
highlighted) ‘How high is the believability that the salary for 
client with ID 100001 is the one pointed in the database?’ 
 
We will use IFPG database engine to represent and 
manipulate data quality measures. An important feature of 
this intuitionistic fuzzy RDBMS is the processing of queries 
with intuitionistic fuzzy predicates, e.g. predicates which 
correspond to natural language vague terms like ‘high’, 
‘cheap’, ‘close’, etc. These predicates are evaluated with 
intuitionistic fuzzy values, which reflect on the degrees of 
membership and non-membership of the rows in the query 
result, which is in fact an intuitionistic fuzzy relation. 
 

IV.CALCULATING THE QUALITY FOR AN ATTRIBUTE VALUE 
AT A CERTAIN DIMENSION 

We can create an intuitionistic fuzzy predicate which 
presents the quality of a certain attribute value at a certain 
dimension. Given this functionality the user is capable to 
filter the data on quality-measure basis. 
 

 
 
The user can now make queries of the kind ‘List all clients 
with high believability for the real value of their salaries’ 
and even define threshold to filter those records with 
demanded minimal value of the quality measure: 
 

 
 

 

V. CALCULATING THE OVERALL QUALITY FOR AN ATTRIBUTE 
VALUE 

Since an attribute value may have more than one quality 
dimension, the overall quality of the attribute value has to 
be calculated considering the quality measures of all its 
dimensions. This may help the user make analyses on the 
basis of the total quality of a certain attribute value. For the 
purpose we introduce a metadata table Dimension_Weights 
/tables II c)/, containing weights of the quality dimensions, 
which participate in the calculation of the overall quality of 
each attribute value: 
 
The calculation of the overall quality of attribute values in 
table Client is performed with the following SQL query: 

 

 
 

Follows the result of the query applied on the table Client 
with the example data for just one client. 
 

 

This intuitionistic fuzzy relation represents the overall 
quality of attribute values in table Client. For instance the 
third row of the table answers a question of the kind ‘How 
high is the overall possibility that the salary of the client 
with ID 100001 is the one pointed in the database?’ 
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Analogously we can create an intuitionistic fuzzy predicate 
which presents the overall quality of a certain attribute 

value. Thus the user is capable to filter the data based on the 
total attribute value quality. 

 

 
 

The user can now make queries of the kind ‘List all 
clients with high overall possibility for the real value of their 
salaries’ and even define threshold to filter those records 
with demanded minimal value of the quality measure: 

 

 
 

 
 

VI. CALCULATING THE OVERALL QUALITY OF A TUPLE 
For some kind of analyses, the quality of data in a tuple as 

a whole may be of importance. For calculating the overall 
quality of a tuple we consider the overall qualities of each of 
the attribute values in the tuple. For the purpose we 
introduce another metadata table Attribute_Weights /tables 
II d)/, containing weights of the quality of attributes, which 
participate in the calculation of the overall quality of each 
tuple: 

 
The calculation of the overall quality of tuples in the 

relation Client is performed with the following SQL query: 
 

 
 

The result intuitionistic fuzzy relation represents the 
overall quality of tuples in table Client, each row of which 
answers the question ‘How high is the overall quality of 
data about client with ID 100001 pointed in the database?’ 
 

 

Analogously an intuitionistic fuzzy predicate 
high_quality_tuple may be created which can help the user 
make queries of the kind ‘List all the clients, the 
information about which is more than 60% reliable’: 
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The following select uses the high_quality_tuple predicate 
and returns only those records that have positive quality 
grater than the specified threshold. 
 

 
 

 
 

VII. CALCULATING THE OVERALL QUALITY OF THE 
ATTRIBUTES 

 
On the basis of the currently available values in a user 

table and their current quality, we could calculate the 
overall quality of the attributes in a user table. For a given 
attribute we consider the overall quality of an attribute value 
in a tuple and we avarage this quality along all the records. 
The following query performs these calculations for the 
table Client: 

 

 
 

The result is an intuitionistic fuzzy relation that contains 
as many rows as is the number of the attributes in Client 
whose quality we track. Each row represents the overall 
quality of the respective attribute on the basis of the current 
quality of the all the values in this attribute. 
 

 

VIII. CONCLUSION 
The utility of this model could be in several directions. First, 
the queries, could manipulate only the values (records) 
having a quality greater than a certain threshold. Second – a 
query could act over all the records but the result could 
provide also a measure for the quality of the respective 
result along given dimensions or as a total. Third - a quality 
measuring method could be devised for calculation of the 
current quality of a given table or of the whole database. 
Fourth – the introduction of quality tracking in the database 
will outreach the framework of the information system and 
will make the employees put greater emphasis on the quality 
of their work. As the users are in fact the ultimate judges of 
how high quality of the data they need, then they will best 
take care to consider and improve quality of the data on an 
on-going basis. 
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