A Methodology of Integrating Fuzzy Relational Databases
in a Multidatabase System

Weining Zhang

Dept. of Math. & CS
University of Lethbridge
Lethbridge, AB T1K 3M4, CANADA

zhang@cs.uleth.ca

Abstract

Although significant progress has been made in de-
veloping multidatabase systems that integrate com-
ponent databases containing crisp data, little has
been reported on integrating fuzzy databases in such
systems. In this paper, we investigate the prob-
lem of integrating fuzzy relational databases in a
multidatabase system. We identify new types of
conflicts that may occur in schemas and data due
to the inclusion of fuzzy relational databases. We
propose a methodology that resolves these new types
of conflicts in a procedural manner. In addition,
the methodology puts the resolution of these new
conflicts into the context of the resolution of other
types of conflicts. A fuzzy—probabilistic data model
1s used to facilitate the integration.
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1 Introduction

Multidatabase systems with global schemas have
been a major research area in recent years [11,
16, 20]. Among the issues, schema integration has
probably received the most attention [3, 7, 8, 12,
21]. Many problems pertinent to schema integra-
tion such as name conflict, structural conflict, scale
conflict, data inconsistency, etc. have been exten-
sively studied. While some of these problems have
been solved, some still remain to be solved.
Parallel to the development in multidatabase
systems, fuzzy database systems have also been
making their way to the main stream database
research in recent years [4, 17, 22, 24, 25, 26].
Fuzzy database systems have the ability to
represent and to process uncertain and imprecise
data and queries. The main approach taken in
this area is to extend existing relational databases
to allow the representation of fuzzy data and
expression of fuzzy queries. Various extensions to
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the relational data model using fuzzy set theory
[23] have been proposed. Some prototype fuzzy
database systems with extended fuzzy SQL query
language have also been implemented [19, 18].
Some new types of database systems, such as a
multimedia database system with queries based on
image content, also have the ability of processing
fuzzy query and representing fuzzy data [10].

Although significant progress has been made in
developing multidatabase systems with crisp com-
ponent databases, little has been reported on inte-
grating fuzzy component databases into such sys-
tems. In this paper, we investigate the problem of
integrating fuzzy relational databases in a multi-
database system. We identify new types of conflicts
in schemas and data that arise due to the inclusion
of the fuzzy databases and propose a methodol-
ogy to resolve these conflicts. We use a fuzzy-—
probabilistic relational model as the global model
and follow the commonly used binary approach [2]
to integrate two component databases at a time.
To the best of our knowledge, the problem has not
been studied before. To concentrate on the main
issues, we consider only the outerjoin integration
operator, a most frequently used integration oper-
ator in multidatabase systems [3, 5, 7, 9, 15].

Our contribution in this paper is two—folds.
First, we identify all new types of conflicts that
arise due to the inclusion of fuzzy component
databases. Second, we propose a methodology
for the resolution of these new conflicts. The
methodology has the following properties. (1) Tt
puts the resolution of these new conflicts into the
context of the resolution of other types of conflicts
not caused by fuzzy databases. (2) Tt suggests a
particular order in which the types of new conflicts
are to be resolved. (3) It employs novel methods
to resolve these new conflicts.

The rest of the paper is organized as follows.
Section 2 presents some basic concepts about the
integration in a multidatabase system and about a
fuzzy relational database. In Section 3, new types
of conflicts are identified. A fuzzy—probabilistic re-
lational model is presented in Section 4. In Section
5, we present a methodology to resolve both the



schematic and the data representational conflicts
among component databases. Several techniques
utilized by the methodology are presented in the
subsections of Section 5. Section 6 concludes the

paper.

2 Background

We review basic concepts related to multidatabase
systems and fuzzy relational database systems in
the following subsections.

2.1 Multidatabase

A multidatabase (MDB) is a federation of a num-
ber of autonomous component databases (CDBs).
Each CDB has a local schema and is in charge
of processing local queries and transactions. The
MDB has a global schema obtained by integrating
the local schemas of the CDBs, and is responsible
of translating global queries into local ones that
can be processed by the CDBs, managing global
transactions, and integrating local data in CDBs
into global data. The integration of local schemas
and local data requires resolutions of the struc-
tural (schematic) and data representational con-
flicts. The resolution of various conflicts in MDBs
containing no fuzzy database can be found in [2,
12].

When two local relations from different CDBs
are integrated, local tuples in these relations that
describe the same real-world object will be inte-
grated to obtain a single tuple in the global re-
lation. How to identify local tuples that describe
the same real-world object is an interesting prob-
lem in its own right. For this paper, we assume
the existence of a common key in the CDBs in a
attribute 7D, so that, local tuples with the same
value in 1D describe the same real-world object.
An example of such a common key is the credit
card number of customers stored in CDBs of a large
chain of department store. When such a common
key does not exist, the determination of multiple
tuples corresponding to the same real-world object
needs to compare other attributes [13].

One of the most important integration opera-
tors for integrating two relations is the outerjoin
[3, 5, 7, 15]. If Ry and Ry are two relations and
Attr(R) represents the set of attributes in R, then
the natural outerjoin of Ry and Rj is defined as [6]:
OJ(Rl, RQ) = (Rl > RQ) ouU (Rl — ﬂ-Attr(Rl)(Rl >
RQ)) ouU (R2 — TrAttT‘(Rg)(Rl > Rg)), where OU 1s
the outerunion operation that pads null values for
attributes that appear in one operand but not in
the other.

Another integration operator, wunion,
be considered as a special case of outerjoin
when the two operand relations have the same
set of attributes.  Although we consider only

can

BF
| / N\
0 \ 1 1 K
a b c d X
Figure 1: The curve of a generic membership
function.

outerjoin as the integration operator, our proposed
methodology can also be applied to generalization.

2.2 Fuzzy relational database

We consider fuzzy relational databases similar to
that in [17].

The basic data values in a fuzzy relational
database are the (conventional) crisp values and
the fuzzy terms that represent uncertainty and
imprecision. A fuzzy term is a linguistic label,
such as Young, Middle_Age, and About_45, with
a meaning defined by a fuzzy set.

A fuzzy (sub)set F of a set U of crisp values is
characterized by a membership function up : U —
[0,1]. For each element e € U, up(e) is the degree
to which e is a member of F'. We say that e is in
F only if up(e) > 0.

A membership function can be defined using
the following parameterized generic function whose
curve is of a trapezoidal shape (see Figure 1).

0, if e <a<b
= ifa <x < b
MF(a,b,e,d)(z)=1¢ 1, ifb<z<c;
1-2=, ife<z<d;
0, ife<d<uez.

where parameters a, b, ¢, and d are values in U(A)
such that a < b < ¢ < d, and the interval [a, d] is
the support of the membership function. This form
of membership functions is similar to that defined
in [17, 26].

In a fuzzy relational database, a fuzzy term has
two aspects: its name (i.e., linguistic label) which
is regarded as a data value, and its membership
function which is regarded as a metadata. As a
consequence, the meaning of a fuzzy term is limited
to the CDB in which the fuzzy term is defined’.

The domain D(A) of an attribute A has two
components: a set U(A) of crisp values, referred to
as the universe of A, and a set F/(A) of fuzzy terms

defined over U(A). Although an infinite number

1 Although it is possible to include membership functions
as data, fuzzy terms are far more easily understood by
users. In any case, the bond between a fuzzy term and a
membership function will still be treated as a part of the
metadata in order to avoid excessive redundant information
in the data.



of fuzzy sets may be defined over U(A), F(A) is
usually a small finite set. An attribute A is crisp if
F(A) is empty, and is fuzzy, otherwise.

A fuzzy relation R with a schema (A, ..., Ap),
is a subset of D(A;) x -+ x D(A,) x D(MD),
where M D is a system—supplied membership de-
gree attribute with a domain (0, 1]. For every tuple
t of R, t{{M D] indicates the relevance of ¢ with
respect to R, and ¢{{M D] > 0. For example, in
a faculty relation, we may assign degree 1 to tuples
describing full-time faculty members, 0.5 to those
describing half-time faculty members, and 0.1 to
those describing adjunct faculty members. In other
situations, the M D-values in base relations may
simply be set to 1. The M D-values in the results
of queries are supplied by the system. Users are not
required to use the M D attribute directly. Notice
that a crisp relation can be represented as a fuzzy
relation in which all data are crisp and all tuples
have degree 1. Finally, a fuzzy relational database
(FRDB) is a set of fuzzy relations.

3 Conflicts Involving Fuzzy Rela-
tions

Since crisp relations are special kind of fuzzy rela-
tions, an MDB including fuzzy relational compo-
nent databases (FRCDBs) must resolve not only
those types of schematic and data representational
conflicts identified in [12], but also the following
new types of conflicts caused by the existence of
fuzzy terms in fuzzy attributes and the M D at-
tribute in fuzzy relations. In the following, let Ry
and Rs be relations from different CDBs, with at
least one being fuzzy, and R be the global relation
resulted from integrating Ry and Rs.

Missing membership degree attribute

One of Ry and Rj is fuzzy, thus with attribute M D,
and the other is crisp, thus without M D.

Data inconsistency

Let two tuples 1 € Ry and t3 € Ry describe the
same real-world object, that is, t1[ID] = t,3[ID],
and t be a global tuple resulted from integrating #;
and t3. Two types of conflicts may occur.

1. Inconsistent attribute values.

For some user—defined common attribute A,
t1[A] # t3[A], and one of the values is a fuzzy
term. The question is what should be the value

of t[A].

2. Inconsistent membership degrees.

That is, ¢1[M D] # ¢5[M D]. Tt can occur even
if the two tuples have identical values on all
other attributes. The question is what should
be the value of t{M D].

Attribute domain inconsistency

Let R.A be a global attribute resulted from in-
tegrating local attributes Ry.A and R2.A. The
following types of conflicts, listed with increasing
level of complexity, may occur.

1. Universe Conflict.

The local universes may have conflicts on any
combination of four aspects: the type, the
unit, the representation, and the set of the
values in the universes. For example, U(R;.A)
may be an interval [10,30] of real numbers
with the unit kilogram, and U(R2.A) may be
an interval [10,300] of integers with the unit
pound. Thus the two universes have conflicts
on type (real vs integer), unit (kilogram vs
pound), representation (say 11.79 or 0.11EO01
vs 11), and set (even if the first three conflicts
are resolved, they still have different set of
crisp values). Among these four specific types
of universe conflicts, the type conflict, unit
conflict, and representation conflict were
discussed in [12], but the set conflict is new.

2. Domain Conflict.

Suppose that R;.A and Rs.A have identical
universe. They may still have the following
conflicts on fuzzy terms. Let F; and Fy be
fuzzy terms defined for R;.A and Rs.A, re-
spectively.

(a) Fuzzy homonyms. Fy and Fy have identi-
cal name and different membership func-
tions.

(b) Fuzzy synonyms. F; and Fy have iden-
tical membership function and different
names.

(c) Peculiar fuzzy term. A fuzzy term of
one local attribute is peculiar if neither
its name nor its membership function
appears in the other local attribute. A
peculiar fuzzy term is covered by the
other local attribute if the attribute
has a set of fuzzy terms whose supports
collectively contain the support of the
peculiar fuzzy term. The smallest of such
sets 1s the minimal cover of the peculiar
fuzzy term.

4 Fuzzy—Probabilistic Relations

In an MDB that includes FRCDBs, the MDB is
often required to have a more general data model
than the fuzzy relational one in Section 2.2. To see
this, let us consider the following running example.

Example 4.1 (Running FErample) Consider an
MDB system consists of two FRCDBs. Both fuzzy
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Figure 2: Fuzzy terms defined for Empl.Perf.
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Figure 3: Fuzzy terms defined for Emp2.Perf.

relations Empl and Emp2, in different FRCDBs,
contain information about employees, and shall
be integrated into a global relation Emp in the
MDB. To focus on the main issues, we assume
that the two relations do not have any conflict
except the attribute domain conflicts on a common
attribute Perf which describes the performance
rating of employees. The performance rating from
low to high is given on a scale from 0 to 10. The
fuzzy terms VPoor, Poor, Fair, Good, VGood are
defined for Empl.Perf by membership functions

MF(0,0,1,2), MF(1,2,3,4), MF(3,4,6,7),
MF(6,7,8,9), and MF(8,9,10,10), respec-
tively. Fuzzy terms Low, Average, High

are defined for FEmp2.Perf by membership
functions M F(0,0,0,3), MF(2,5,5,8), and
MF(7,10,10,10), respectively. The graphs of
these fuzzy terms are given in Figures 2 and 3.
Notice that every fuzzy term here is peculiar in
one attribute and covered by the other attribute.
O

The integration of Empl.Perf and Emp2.Perf
requires that each local data value must be repre-
sentable with the global data values in the domain
of Emp.Perf, and if the meaning of local fuzzy
terms must be represented by the meaning of global
fuzzy terms.

If the MDB is an FRDB, the integration
of Empl and Emp2 implies the existence of a
one—one mapping between local and global fuzzy
terms. Since CDBs are autonomous, global fuzzy
terms must be defined in the MDB to satisfy the
requirement. There are two possible approaches:
adopt all local fuzzy terms in the global attribute,
or adopt some local fuzzy terms and define some
new ones in the global attribute. However, none
of these approaches gives a satisfactory solution.
With the former approach, two problems may
arise. First, with many CDBs, one may obtain a
large number of global fuzzy terms with close yet
different meanings. For instance, the set of global
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Figure 4: Fuzzy functions for Age in Empl.

fuzzy terms in Example 4.1 will be {VPoor, Low,
Poor, Fair, Average, Good, High, VGood} where
Low and V Poor, Fair and Average have close
meanings. Second, when homonyms exist, there
may be several global fuzzy terms with same or
similar names but different membership functions.
For example, if in Example 4.1, Low and High are
renamed Poor and Good in Emp2.Perf, the set
of global fuzzy terms will become { VPoor, Poorl,
Poor2, Fair, Average, Goodl, Good2, VGood}.
With the latter approach, the above problems may
be avoided, but it is difficult to find one set of
fuzzy terms to represent all local fuzzy terms.

On the other hand, if a many-to—-many mapping
i1s allowed, a solution can be obtained by repre-
senting each local fuzzy term by a set of global
fuzzy terms and vice versa. Consider Example 4.1,
for the sake of argument, assume the set of global
fuzzy terms is { VPoor, Poor, Fair, Good, VGood}
as defined in C'DB;. The local fuzzy term Average
in CDBy, can be mapped to (or represented in
terms of) the set of global fuzzy terms { Poor, Fair,
Good}, the minimal cover of Average. Since it is
more likely that Fair has a meaning closer to that
of Average than that of Poor or Good, we may
assoclate a probability value with each of the three
global fuzzy terms. This leads to the following
definition of a fuzzy—probabilistic relation.

Definition 4.1 Let A be an attribute, and P =
{p1,-..,pn | pi € [0,1]and 37, pi = 1} be a
set of n—probabilities. A 1s a fuzzy—probabilistic
attribute (F-P attribute) if its domain is D(A) =
U(A)U {F-P| PeP}, where F-P={(fi,pi) | 1 <
i <n,f; € F(A),p; € P} is a fuzzy-probabilistic
value (F-P value). A fuzzy-probabilistic relation (F-
P relation) is a subset of A; x Ag x -+ x Ay x M D,
where each A;, 1 < ¢ < m, is an F-P attribute
and M D is a system—supplied membership degree
attribute. O

Notice that an F-P attribute with no fuzzy term
defined for it represents a crisp attribute, and that
whose domain contains only those F-P values F'- P,
where P contains exactly one nonzero probability
and that nonzero probability equals to 1, repre-
sents a fuzzy attribute. Therefore, crisp and fuzzy
relations can be considered as special types of F-P
relations.

Example 4.2 An F-P relation Employee=(Name,
Salary, Age, Perf) with F-P attributes Age and



EMPLOYEE

NAME | SALARY AGE Perf

{(Low, 0.1)

Hu 36K gzzgllleg’A . 83 } (Average, 0.4)
min:a (High, 0.5)}

{(Low, 0.2)

Mason 42K {(Middle_Age, 1.0)} (Average, 0.6)
(High, 0.2)}

. {(Middle_Age, 0.4) {(Average, 0.1)
Smith 40K (Senior, 0.6)) | (High, 0.9)}

Figure 5: F-P relation Employee.

Perf containing fuzzy terms { Young, Middle_Age,
Senior} and {Low, Average, High}, respectively,
is shown in Figure 5. The fuzzy terms defined for
Age are in Figure 4, and those defined for Perf
are in Figure 3.

The first tuple of Employee represents an em-
ployee, Hu, who is young, with a probability 0.7,
or middle age, with a probability 0.3, and whose
performance rating is low, with a probability 0.1,
average, with a probability 0.4, or high, with a
probability 0.5. O

5 Integration of Fuzzy Relations

We now present a methodology for integrating two
local fuzzy relations into an F-P relation, which
resolves various new types of conflicts in a specific
order. The methodology can be generalized to in-
tegrate more than two fuzzy relations.

An Integration Methodology

1. Identify and resolve any conflict between
attribute names (that is, synonyms and
homonyms).

2. Resolve any missing membership degree at-
tribute conflict.

3. For each pair of corresponding local attributes
resolve the attribute domain inconsistency in
the following steps.

(a) Create a global universe by resolving the
the following types of universe conflict be-
tween the two attributes.

1. Attribute type conflict.
1. Unit conflict.
iii. Representation conflict.
iv. Set conflict.
(b) Determine a set of fuzzy terms for the
global attribute by identifying and resolv-
ing conflicts caused by fuzzy homonyms,

fuzzy synonyms, and peculiar fuzzy terms
in the local attributes.

(c) For each of the two local attributes, de-
termine a mapping and an inverse map-
ping between its values and that of the
global attribute,

4. Integrate data from the two local relations by
using the outerjoin operator. All data incon-
sistencies will be resolved in this step.

The basis for resolving various conflicts in the given
order is that the identification of conflicts in a step
usually relies on the resolution of the conflicts in
a previous step. For example, resolving attribute
name conflict allows one to identify any universe
conflict between local attributes that are resolved
to the same name, and without resolving the uni-
verse conflict first, it is unclear how one can recog-
nize fuzzy homonyms. In the following, we discuss
conflict resolution methods used in each step in
more detail.

In Step 1, methods presented in [2, 12] can
be applied to resolve the attribute name conflicts
and to obtain the names of global attributes and
the mappings between the local and the global
attribute names.

In Step 2, the missing membership degree con-
flict can be resolved by giving the global relation
the M D attribute, and assigning a membership
degree 1 to each tuple of the local crisp relation.

In Step 3a, the global universe is obtained by
defining its type, unit, data representation, and the
set of crisp values based on the two local universes.
Methods presented in [12] can be used to resolve the
type, unit, and representation conflicts of the local
universes. After these conflicts are resolved, the set
of values of the global universe may be obtained by
combining those of the local universes. The global
universe is thus described by mappings between
values in local universes and those in the global
universe.

Once the global universe is determined, each
membership function defined over a local universe
will implicitly have an image defined over the global
universe. If the function is M F(a,b,c,d) and the



mapping from the local universe to the global one
is ¢, the image will be M F(¢(a), ¢(b), ¢(c), ¢(d)).
Thus, via their images, membership functions of
fuzzy terms in different CDBs can be directly com-
pared with each other.

Steps 3b and 3c are carried out depending on
the types of the two local attributes. There are
three cases.

Case 1: Both local attributes are crisp.

The global attribute shall also be crisp. Thus
no action is needed in Steps 3b and 3c. The map-
pings between the global attribute and each local
attribute obtained in Step 3a are all we need.

Case 2: One of local attribute, say R1.A, 1s fuzzy
and the other, say Ry.A is crisp.

The global attribute shall be fuzzy. In Step
3b, the set of fuzzy terms of Ry.A (including their
membership functions) will be adopted by the
global attribute. In Step 3c, the mapping from
R1.A to R.A will map each crisp value to its
corresponding crisp value in R.A, and each fuzzy
term f to the F-P value {(f,1)} in R.A. The
inverse mapping will map only those crisp values
in R.A that have corresponding crisp values in
R;1.A to their corresponding crisp values, and map
each fuzzy term in R.A to the same fuzzy term in
Ry.A. Both the mapping from Ry.A to R.A and
its inverse mapping will map each crisp value in
one universe to the corresponding crisp value in
the other universe. However, the inverse mapping
will map each fuzzy term f in R.A to an interval
of crisp values in Ry.A. For example, if a fuzzy
term f in R.A is defined by MF = (a,b,c,d),
the inverse mapping will map f to the interval
[¢(a), d(d))N U(Rz.A), where ¢() is the required
mapping from U(R.A) to U(Rz.A). Note that
since the global universe may be larger than a
local universe, the inverse mapping will map only
those crisp values that have corresponding values
in the local universe.

Case 3: Both local attributes, say R;.A and
Ry. A, are fuzzy.

If no domain conflict occurs, the set of fuzzy
terms of either local attribute can be adopted for
the global attribute in Step 3b, and in Step 3c, the
mappings between D(R;.A) and D(R.A), i = 1,2,
will be the same as those between D(R;.A) and
D(R.A) in Case 2. However, if a domain conflict
occurs, in Step 3b, we will first identify fuzzy
homonyms, fuzzy synonyms, and peculiar fuzzy
terms, and treat each pair of fuzzy homonyms
as two peculiar fuzzy terms. Then, the set of
global fuzzy terms is determined using one of the
following methods.

1. (Standardization) Adopt (or standardize) the
set of fuzzy terms of one local attribute.

The method may be used if every fuzzy term
in one of the two local attributes is covered
by the other local attribute. The set of global
fuzzy terms are obtained according to the fol-
lowing rules.

(a) Adopt the set of fuzzy terms of the
attribute that contains a peculiar fuzzy
term not covered by the other attribute.

(b) Adopt the smaller set of local fuzzy terms
containing a peculiar fuzzy term covered
by the other attribute.

(c) Adopt either set of local fuzzy terms.

2. (Hybridization) Combine (hybridize) the two
sets of local fuzzy terms.
This method should be used if each local at-
tribute has some peculiar fuzzy term not cov-
ered by the other local attribute. The result-
ing global fuzzy terms should cover all local
fuzzy terms.

3. Create a set of global fuzzy terms indepen-
dently so that it covers all local fuzzy terms.

Now in Step 3c, the mapping from a local at-
tribute to the global attribute will map each crisp
value to the correspondent one in the global at-
tribute, and map each local fuzzy term f to

1. {(f,1.0)}, if the standardization or the hy-
bridization method is used in Step 3b, and
f was adopted as a global fuzzy term;

2. {(g,1.0)}, if f is a fuzzy synonym of a local
fuzzy term g which is adopted as a global fuzzy
term.

3. the F-P value obtained using Algorithm
MFTFPV in Section 5.1.

The inverse mappings is obtained similarly except
that each global fuzzy term is mapped to a set of
local fuzzy terms.

In Step 4, the data inconsistency conflict will be
resolved using methods presented in Section 5.2.

5.1 Mapping A Fuzzy Term to A

Fuzzy-Probabilistic Value

We now present an algorithm that determines an
F-P value for a given local fuzzy term f based on
the membership functions of f and the global fuzzy
terms, so that in the F-P value, the global fuzzy
terms form a minimal cover of f, and each prob-
ability reflects the strength for the corresponding
global fuzzy term to represent f, as compared to
other global fuzzy terms. For convenience, both
the name and the membership function of a fuzzy
term shall be denoted identically. Let 7; denote
the support of f on the global universe U.



Figure 6: The overlap of local fuzzy term Fair with
the global ones.
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Figure 7: The overlap of local fuzzy term Good
with the global ones.

Algorithm MFTFPV

1. Determine Sy, a minimal cover of f in the
global attribute.

2. Calculate Aﬁf, the area under the curve of f
over I;.

3. Let E be the set of endpoints of the supports of
the global fuzzy terms in S;. Determine the
partition Py, of Iy using the endpoints that
are in E as well as in Iy, and calculate A},
the area under f over s, for each subinterval
s e Pry,

4. For each s € Pr,, calculate R} = A} /Aﬁf’ the
proportion of the area under f over I; that is
also over s.

5. For cach s € P, and each global fuzzy term
g € Sy, calculate Aj, the area under g over
s and P; = A}/ Zhesf.Aiu the proportion of
the area under g over s in the sum of the areas

under all global fuzzy terms in Sy over s.

6. Map f to {(g,pq) |
ZSEPIJ, P; R;}

g € Syandp, =

Assume that an area can be computed in a constant
time and let the global attribute and S; have n
and m global fuzzy terms, respectively. S; can
be obtained by examining every global fuzzy term
once, that is, in O(n). Step 2 takes O(1). Since
the number of subintervals in Py, is no more than
2m+1, Steps 3 and 4 take O(m), and Steps 5 and 6
take O(m?). Thus, if n >> m, the time complexity
of the algorithm is O(n), otherwise, it is O(m?).

We shall illustrate the steps of the algorithm
using the running example. Assume that the set
of global fuzzy terms is { Low, Average, High}, ob-
tained using the standardization method.

Step 1. From Figure 6, for Fair, Ipq- = [3,7]
and Spair = {Average}. Similarly, from Figure 7,
Icood = [6,9] and Sgooa = {Average, High} for
Good. )

Step 2. The area under Fair is AE(’]'Z]T = [(6—
4)+(7—13)]/2 = 3, and that under Good over ¢4

o A9 o
is Ao, = 2.. . .
Step 3. Since the interval of Fair contains no

endpoint of any global fuzzy term, Pr,.. = {[3,7]}
and A[I;O’;;] = 3. On the other hand, since the sup-

port of Good contains the right endpoint of the sup-
port of Average and the left endpoint of the sup-
port of High, Pr,,,, = {[6,7],[7,8],[8,9]}. The ar-
eas under Good over these subintervals are A[G6’O7o]d =
1/2, ATS) =1 and 4B = 1/2.
Step 4. Rpoa = Aliopa/ AGons = 1/4, Ripoa =
Aot/ AGoaa = 1/2, Rgippg = 1/4, and R = 1.
Since in the total accumulated membership de-
gree of f, R} is the portion accumulated over s, it
captures a notion of “importance” of s relative to
I
Step 5.
and SFdiT Fair
A[j”vgmge/AEi’Ugmge = 1. For local fuzzy term
Good, [6,9] has three subintervals and Sgood
contains two global fuzzy terms. The areas under

the global fuzzy terms over the subintervals are

Since [3,7] has a trivial partition

contains only Awerage, pL]

AE46;/'7e]rage = 1/2’ Agfe]rage = 1/6’ A[jﬁjrage = 07

A =0, AR = 176, and AR, = 1/2.

ThUS P}[\bljg‘age = 1’ P}[;;ilage = %’ P}[\Sljz]rage = 0’
6,7 7,8 8,9

P;Izg]h = 0’ PJEIzg]h = %7 and PJEIzg]h =L

Since P; is the ratio of total membership degree
of a global fuzzy term g accumulated over s to that
of all global fuzzy terms. it captures a notion of
“support” of s to g.

Step 6 FOI‘ F(lir7 pAuerage = PAEXB'[;Zlage . R[FSLIZ:L =
1. For Good, PAverage = (P;[&Z]rage : R[G67070]d) +

[7.8] [7.8] [8,9] B9y _ 1
(PAuerage ’ RGood) + (PAverage ’ RGood) - and
PHigh = %

Here, paverage = 1 means that Fair in

Empl.Perf can only be interpreted as Awverage
in Emp.Perf, and payerage = PHigh = 1/2 means
that the likelihood for Good in Empl.Perf to be
Average or High in Emp.Perf is each 0.5.

The mapping from Empl.Perf to Emp.Perf
is given in Figure 8(a). Although the mapping
from Emp2.Perf to Emp.Perf can be obtained
using Algorithm MFTFPV, since the global fuzzy
terms are obtained by standardizing Emp2.Perf,
we prefer the natural mapping shown in Figure

8(b).
5.2

Let Ry and Rs be two local relations from differ-
ent CDBs that will be integrated into a global F-P

Integration of Data



[NAME SALARY
Hu {(Low, 0.3) [ NAME SALARY |
(Average,  0.7)} Bard {(Low, 0.1), (Average, 0.4), (High, 0.5)}
Smith {(Average, 0.5) Smith  {(Average, 0.5), (High, 0.5)}
(High, 0.5)} Wang  {(Average, 0.4), (High, 0.6)}
Wang {(High, 1.0)} (b)
(a)
Figure 9: F-P Relations (a) Empl and (b) Emp2.
that ¢1[ID] = t3[ID]. R’ contains a tuple ¢ that
VPoor — {(Low, 102} has all attribute values of ¢; and ¢5.
Poor —  {(Low, 15) In the second step, an integrated F-P relation
. (Average, 7)} R is obtained from R’ so that for every tuple ¢’
Fair —  {(Average, 1.0)} in R a tuple ¢t in R is created (or defined) by
Good —  {(Average, %) resolving any data inconsistency between each pair
(High, 3} of corresponding attributes (e.g., R}.A and R}.A)
VGood — {(High, 1.0)} in t'. Following cases shall be considered.
(a) Case 1: No data inconsistency between ¢'[R].A]
/ / o : 7 / — 4! /
Tow — {(Low, 0] and t'[R}.A] ) that is, either ¢/[R].A] = t/[RS.A], or
1 v o one of them is a null value.
Hv.e';lage — {(Hv.ezage, 1' )} If the two values are the same, let ¢[A] =
gh — {(High, 0)} t'[R}.A] (or t'[R%.A]). If one of the two values is
(b) null, then let ¢[A] be the non—null value since it is
more informative.
Figure 8: (a) A mapping from Empl.Perf to Case 2: Both t'[R}.A] and t'[R}.A] are crisp and

Emp.Perf and (b) The natural mapping from
Emp2.Perf to Emp.Perf.

relation R using the outerjoin. Assume at least one
of R;, 2 = 1,2, is fuzzy. The integration is carried
out in two steps.

1. Convert each local relation R; into an F-P
relation R} whose schema is contained in that

of R.

2. Integrate R} and R/, by an outerjoin and the
resolution of data conflicts.

To convert R; into R}, each tuple ¢ of R; is
considered in turn. For each attribute A of R;,
if t[{A] is a fuzzy term, it is converted to an F-P
value as described in Section 5.1.

For clarity, the outerjoin and the resolution of
data inconsistencies are described in two steps. In
the first step, an equi—outerjoin is performed on the
ID attribute of R} and R,. The result, denoted
by R’', will contain all attributes in R} and R}
with a single ID attribute. For example, if R}
is (ID, A, B, C) and R}, is (ID, A, C, D), then
the schema of R’ will be (ID, R}.A, R,.A, R|.C,
R,.C, R{.B, R,.D). For each tuple ¢, in, say Rj,
whose t;[ID] is not in RS, R’ contains a tuple ¢/
where t/[R].X] = t;[X], for every attribute X in
Ry, t'[R5.Y] = null, for every attribute ¥ in Rj.
For each pair of tuples ¢; in R} and ¢5 in R such

t'[R}.A]l # t'[R}.A].

In this case, t[A] = f(t'[R}.A],¥[R5.A]), where
f is a resolution function?. Typical resolution func-
tions include sum, average, min, mazx, choose-
any (with the obvious meaning). For example, two
local tuples describe two part time jobs of the same
person, the conflict of data on Salary should be
resolved using sum.

For the built-in M D attributes, if one of M D
values is null, the non—null will be the M D value
of tuple. If both M D values are non—null, the
resolution function will be min, according to the
fuzzy logic AN D.

Case 3: t'[R].A] # t'[R,.A] and at least one of
t'[R}.A] and #'[R).A] is an F-P value.

Assume that the two values are supposed to
represent the same information. If one value is
crisp, it shall be taken by ¢[A] since it is certain
and precise. If both values are F-P, say

tl[RllA] {(g17p11)7(927p21)7~~~7(gm7pm1)}
tl[RIQA] = {(g17p12)1(g21p22)1~"a(gm1pm2)}a
we may let t[A] = {(g1,w1 - p11 + w2 -
P12)s -+ (Gm, w1 - pm1 + w2 - pma2)}, where

0 < wi,wy <1 and wy; + wy = 1. The weights wy
and wsy indicate the importance of #/[R}.A] and

2Tt is called a resolution function in [16], an aggregate
function in [8], and a reconciliatory function in [9].



t'[RY. A], respectively, and may both be 0.5 in a
simple case.

In more general situation, the resolution of
inconsistencies may need resolution functions on
fuzzy terms. These resolution functions can be
obtained by generalizing those discussed in Case
2. For example, let f and f' be fuzzy terms
defined by MF(a,b,c,d) and MF(a',b' ¢, d),
respectively. The resolution function sum(f, f')
may be extended to return a membership function
MF(a + a',b + b,c + ¢,d+ d). Similarly,
ave(f, f') may return a membership function
MF((a+d)/2,(b+b6)/2,(c+ )/2,(d+ d)/2).
The resolution steps are as follows. First the
components in the F-P values, #'[R}.A] and
t'[RY.A], are paired in all possible ways. For each
pair of the components, say (g;,p;) and (g;,p;),
the extended resolution function is applied on g;
and g;, and the probabilities are multiplied. For
example, if the membership function of global
fuzzy terms g; is defined by MF(a;,b;,¢;,d;),
and the chosen extended resolution function
is sum, we will obtain (sum(gi,g;),(pi - p;))
from (g;,pi) and (g;,p;). Let N be the set of
pairs of mew membership functions and the
associated probabilities so obtained. Next,
for each (f,q) in N, we map f to an F-P
value {(g1,p1),---,(gm,Pfm)} using Algorithm
MFTFPV, and use g to modify the probabilities
in the F-P value. This will result in a new F-P
value {(g1,p11 - 9),- .-, (gm,Prm - q)}. Let N’ be
the set of F-P values so obtained. Finally, all F-P
values in N/ are collapsed into a single F-P value
by summarizing the probabilities of corresponding
components.  For example, if the components
of F-P values in N’ that contains global fuzzy
term g; are {(gi,p1), --- (95,pr)}, the collapsed
component will be (g;, Z?:1 p;). This method can
be applied using any resolution function that can
handle membership functions (or fuzzy terms for
that matter). Tt can also be applied to the case
where one of t'[R].A] and #'[R}.A] is crisp and the
other is fuzzy—probabilistic. In this case, the crisp
value, say v, can be represented as an F-P value
with membership function MF(v,v,v,v) and a
probability 1.

Example 5.1 Consider the local relations Empl
and Emp2 in Figure 9. The employees Hu and
Bard only appear in one of the local relations, so
no work needs to be done for these tuples. The em-
ployee Smith also presents no work, because there
1s no inconsistency in the data. However, the data
for Wang are inconsistent. Suppose the values rep-
resent the same information, and we apply the for-
mula with equal weights to resolve this conflict.
The resulting probabilities for Wang are payerage =
0.4/2=0.2 and pgign = (1.04+0.6)/2=10.8. O

The techniques presented here can be general-
ized to integrate more than two local relations. One
approach is to extend the resolution functions to re-
solve inconsistencies among more than two values.
Another approach is to use the binary resolution
functions to integrate local relations two at a time.
The intermediate F-P relations can be treated as
local relations. The second approach will give the
same result as the first one if the resolution function
1S maz or min.

6 Conclusion

In this paper, we study the problem of integrating
fuzzy relational databases into a multidatabase sys-
tem. We identify all new schematic and data rep-
resentational conflicts that arise in such a system
due to the inclusion of fuzzy relational databases.
We propose a methodology as well as various tech-
niques to resolve the new types of conflicts. The
methodology imposes a specific order in which the
conflicts should be resolved, and places the resolu-
tion of the new conflicts into the the context of re-
solving other types of conflicts that are not caused
by fuzzy relations. Our study serves as the first
step towards building multidatabase systems that
are capable of processing not only crisp information
but also uncertain and imprecise information.

Many interesting issues are yet to be studied
in this research area. One particular issue is the
evaluation of global fuzzy queries. With a Fuzzy-
probabilistic data model in an MDB, it is possible
to specify global queries with not only fuzzy terms
but also probability values. For example, a global
query that lists all employees whose performance
rating is Average with a probability greater than
0.5 can be expressed in a fuzzy SQL style language
as follows.

SELECT Name

FROM  Emp

WHERE Performance = Average
With P > 0.5;

To evaluate, such a query will be first translated,
using the reverse mappings obtained in Step 3c
of the methodology in Section 5, into appropriate
queries understood by the CDBs. However, the
translated queries may not have exactly the same
meaning to CDBs as the global query to the MDB.
The answers obtained from the CDBs may have
to be further processed at the MDB to obtain an
appropriate answer to the global query. We plan to
extend the techniques in [1, 14] for the processing.
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