Dynamically modelling of fuzzy sets for flexible
data retrieval
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Abstract Flexible querying allows users to implement linguistic terms to better qualify
data they wish to obtain and rules to reveal. The question is how to properly construct
fuzzy sets for each linguistic term. This issue is considered from the two aspects: user’s
view on particular linguistic term and on the current content in database. Evidently, the
user can obtain the picture about stored data before running a query. This approach can
be used in situations when a non-commutative operator is required. The rules extraction
by linguistic quantifiers is another task where modelling of fuzzy sets can be applied.
Institutions of official statistics deal with large amount of surveyed data and potentially
useful administrative data, what makes them interesting for this approach.

1 Introduction

The increasing use of computers by business and governmental agencies has created
mountains of data that contain potentially valuable knowledge (Rasmussen and Yager,
1997). The same holds for agencies of official statistics. Firstly, databases could contain
crisp values which are not always accurately surveyed. Secondly, data from
administrative sources contain valuable information which should be examined.

Flexible querying allows users to implement linguistic terms to better qualify data
they wish to obtain and rules to reveal. For example, to find municipalities where
migration is small and unemployment is high, or to find to which extent the rule most
of companies which report to Intrastat have value of trade near exemption threshold is
true. The linguistic terms clearly suggest that there is a smooth transition between
acceptable and unacceptable records.
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Several fuzzy query implementations have been proposed e.g. (Bosc and Pivert,
2000; Hudec, 2009; Kacprzyk and Zadrozny, 1995) and fuzzy queries for data mining
(Rasmussen and Yager, 1997). In all approaches, the matching degree critically
depends on constructed membership functions (Hudec and Sudzina, 2012).

This paper examines construction of fuzzy sets for flexible queries and its usage in
aggregation by fuzzy linguistic quantifiers and in situation when commutative operators
are not appropriate.

2 Defining appropriate fuzzy sets for each linguistic term

Let D,,;,, and D, be the lowest and the highest domain values of the attribute 4
(database column) i.e. Dom(A) = [Dpin, Dmax] and L and H be the lowest and the
highest values from an current database content; that is, [L, H] C [Dyn, Diax]- For
many attributes in databases holds [L, H] C [Dpn, Dyaxl; that is, intervals [Dp,, L]
and/or [H, D,,,] are empty. This fact should be considered in data retrieval and rule
extraction. Theoretically, the domain of attribute value of export is [exemption
threshold value, + OC]. The highest value of realized export is far from the “upper
limit” of R+. In construction of term Aigh, we need to consider stored real values.

Let the linguistic domain have elements {small, medium, high}. The linguistic
domain covers the crisp sub domain of an attribute in a way illustrated in figure 1.

Figure 1: Linguistic and crisp domain
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The first aspect allows users to freely define parameters of fuzzy sets (4, B, C, D).
If the user is not familiar with the current database content, the query might easily end
up with an empty answer. Moreover, the user is usually familiar with values of D,,;, and
D, but not with values of L and H.

The second aspect is focused on construction of membership functions (4, B, C, D)
directly from current content of a database. The first method is the uniform domain
covering method (Tudorie, 2008), depicted in figure 1. At the beginning, values of L
and H are obtained from current database content. The length of fuzzy set core f and
the slope o (Figure 1) are created in the following way (Tudorie, 2008):
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Consequently, it is easy to calculate required parameters 4, B C and D.

The uniform domain covering method is appropriate when the distribution of
attribute values in the domain is more or less uniform. If it is not the case, the uniform
domain coverage could lead to a conclusion that the meaning of the linguistic term is
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far from real data. For these situations, the method can be improved by the statistical
mean (Tudorie, 2008) or the logarithmic transformation (Hudec and Sudzina, 2012).

For the solution of data retrieval task both aspects should be taken into account.
The above mentioned methods could be used to suggest parameters of fuzzy sets. In the
second step, users can modify these parameters, if they are not satisfied with suggested
ones, before running a query (Hudec and Sudzina, 2012).

3 Linguistic quantifiers

A special role among the aggregation operators play linguistic quantifiers such as most
or few. For example, to find out whether in the Intrastat database most of businesses
have small value of intra-EU trade (are near the exemption threshold).

This problem is depicted in way Qx(Px), where Q denotes a linguistic quantifier, X
={x} is auniverse of disclosure (set of all companies) and P(x) is a predicate
corresponding to a query condition. In the first step we need to construct membership
function for the term small value of trade. The uniform domain covering method (1)
and (2) is the best option, because the main goal is not to retrieve data but to reveal
rules. Value of L (figure 1) is the exemption value. The truth value of statement is
computed by the following equation (Zadrozny and Kacprzyk, 2009):

Truth (Qx(Px)) = p1, (ﬁz 1, (x,)) 3)

where 7 is the cardinality of X and u, (the quantifier most) might be given as:
1, for y>0.85

ty()=12y—6, for 0.5<y<0.85
0, for y<0.5

4 Non-commutative aggregation operator

T-norm functions are used for the aggregation under uncertainty. From the axiom that
all t-norm functions are commutative, implies that they are applicable only if the order
of elementary conditions is irrelevant. There exists a class of problems where
elementary conditions are not independent, that is, the second elementary condition
depends on answers obtained from the first one. Obviously this requires using a non-
commutative operator. The among operator (Tudorie, 2008) meets this requirement:

Hp amonee, = min( Hpp, @), tp (a,)) “
where a; and a, are database attributes, up, is the membership function defining
fulfilment of independent elementary condition and up;p, is the fulfilment degree of
depended elementary condition relative to the independent one.

The example of this query is: select companies which exported small amount of
goods (P;) among companies having high value of trade (P,).
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In the first step companies with high value of trade (vt) are selected. The
membership function of linguistic term /igh is calculated by one of methods examined
in section 2 for the domain [L,;, H,,] from the current content in database. Companies
selected by P, create sub set of all companies in database. This subset constitutes
reduced sub domain [Lyg red, Hagred]l & [Lag> Hag] of amount of goods (ag). The fuzzy

set small amount of goods is created on sub domain [Lyg req, Hagrea]- Even if the user
can define parameters for membership function p,,, without suggestion from current
database content, defining the membership function for i, is beyond his capabilities.

5 Conclusion

In this paper, we suggested a flexible SQL-like query language for data retrieval and
data mining. The problem of construction of membership functions for data retrieval
tasks and data mining can be satisfactorily solved if we merge the user’s opinion about
linguistic terms with the current content in database. This approach is also a supporting
tool for queries where elementary conditions are not independent and for extracting
rules by linguistic quantifiers.

In addition, this approach is open for further improvements like: querying over
missing values when users know functional dependencies between attributes and
querying using priorities between elementary conditions.
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