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Abstract

THE USE OF RELATION VALUED ATTRIBUTES IN SUPPORT OF
FUZZY DATA

By Larry R. Williams, Jr., Ph.D. Student

A dissertation submitted in partial fulfillment of the requirements for
the degree of Doctor of Philosophy at Virginia Commonwealth
University.
Virginia Commonwealth University, 2013
Director: Lorraine M. Parker, Ph.D.
Associate Professor, Department of Computer Science
In his paper introducing fuzzy sets, L.A. Zadeh déssithe difficulty of assigning some real-
world objects to a particular class when the notbrtlass membership is ambiguous. If exact
classification is not obvious, most people appratenusing intuition and may reach agreement
by placing an object in more than one class. Numberdegrees of membership’ within these
classes are used to provide an approximation thpdasts this intuitive process. This results in a
‘fuzzy set’. This fuzzy set consists any numbewoafered pairs to represent both the class and

the class’s degree of membership to provide a fbrefesentation that can be used to model

this proces¥’

Although the fuzzy approach to reasoning and diaation makes sense, it does not comply
with two of the basic principles of classical loi€%® These principles are the laws of
contradiction and excluded middle. While they pdagignificant role in logic, it is the violation

of these principles that gives fuzzy logic its useharacteristic¥’



The problem of this representation within a databsgstem, however, is that the class and its
degree of membership are represented by two sepdmatt indivisible attributes. Further, this
representation may contain any number of such pdiettributes. While the data for class and
membership are maintained in individual attributesther of these attributes may exist without
the other without sacrificing meaning. And, to main a variable number of such pairs within
the representation is problematic. C. J. Date sstgdea relation valued attribute (RV&which

can not only encapsulate the attributes assocuaidthe fuzzy set and impose constraints on

their use, but also provide a relation which maytam any number of such pairs.

The goal of this dissertation is to establish atexinin which the relational database model can
be extended through the implementation of an RVAupport of fuzzy data on an actual system.
This goal represents an opportunity to study thihoagplication and observation, the use of
fuzzy sets to support imprecise and uncertain datag database queries which appropriately
adhere to the relational model. The intent is #at¥ a pathway that may extend the support of

database applications that need fuzzy logic arfdany data.
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Chapter 1 - Introduction
1.1 Objective Statement

A fuzzy data value is represented by a set consisif ordered pairs of values)§)'?. The first
member of this pailc represents the datatdass consisting of any number of enumerated
characteristic values within a domain sucthascolor whereC = haircolor = {'blonde’, 'brown’,
'black’, 'red’, 'grey’}. As sucle,= C. The other valuey, is in the intervalVv = [0,1] which is the
fuzzy data value’sveightor degree of membershignd indicates the membership associated
with ¢. w = 0 indicates that the fuzzy data has no degreeemhbership t@. w = 1 indicates that
the fuzzy data has total membership wittAny other value represents the degree to which the

data can be said to be a membet. of

Each part of ¢,w), however, is indivisible from the other. dasswithout an associatediegree
of memberships meaningless just asdegree of membershigithout an associatedassis
meaningless. Further, a fuzzy data value consfsasynumber of such pairs. To represent such
a fuzzy data value in a database it is necessagptesentd,w) in such a way that neithemor
w can be retrieved without the other. Further, inégessary that a system consisting of fuzzy
data provide the means to support any number df gpadars, ¢,w) for an associated object.
Figure 1.1 illustrates a possible fuzzy data vdbrean individual's hair color using the values
using the domain€ andW described previously:
Fuzzy Data Value = { ('Brown’, 0.80),
('‘Blonde’, 0.75),
(Red', 0.55)}

Figure 1.1 - Fuzzy Data Value for Hair Color

11



It can be seen that the fuzzy data value in Figutas composed of three ordered pairs which,
when seen from the perspective of the relationalehaan be viewed as a relation comprised of
two attributes from the domair@ andW and three tuples. This value represents the arabgyu
nature associated with the color of an individulaig which can be said, to the various degrees

specified, to be '‘Brown’, '‘Blonde' and/or 'Red".

Current database management systems cannot erdox@nstraint to ensure the requisite
indivisibility of the ordered pair associated witte fuzzy data value. Nor can they accommodate
the variable number of such pairs potentially comga within the value. Within the confines of
such systems the number of pairs is thereforeduoinénd either member aof,(y) can easily be

excluded by a query rendering the fuzzy data vitoiéed and meaningless.

By way of a solution to this problem, this disseaia presents two primary accomplishments.
The first is the design, development and validatodna new data type, a Relation Valued
Attribute (RVA), that can be included in the retatal database management system MySQL to
support fuzzy data values. The RVA provides a candtthat is used to enforce the atomicity of
(c,w) in the representation of a fuzzy data value. Aslation, an RVA also provides the benefit
of allowing a fuzzy data value to have any numbeswch pairs. Secondly, the dissertation
describes the engagement of a panel of users toaggdhis new system with respect to the use,
costs and benefits of using an RVA to representftizgy data values. This research effort
contributes to a greater understanding of the hisnahd use of relation valued attributes in

support of fuzzy data.

12



1.2 Overview of the Approach

These accomplishments required a modification ¢oréhational database server provided by the
open source database management system (DBMS) My&Qdesigned, implemented and
validated. This design provides the ability to umed maintain an RVA to support the
encapsulation of a complex fuzzy data value. Thve R®¥'A data type, for the first time, provides

a constraint that ensures the atomicity @i which is necessary to the use and representation
of fuzzy data within the relational model.

The system, as designed and implemented, demaatstitad feasibility of crisp data to coexist,
in every respect, with fuzzy data. The system:

1. Appropriately maintains the relational model.
2. Does not affect existing or ‘normal’ relational fiionality.

3. Appropriately supports the principle elements dfatienal algebra, specifically, the

Cartesian Product as well as the Project, Reshitetrsect and Join operatiofis.
4. Enforces a constraint on the atomicity of the oedguair associated with fuzzy data.

5. Provides the flexibility to work not just with fugzlata, but with nested relations of any

size and cardinality.

6. Uses standard SQL syntax to obtain a result whetiequery accesses crisp or fuzzy

data.

7. Enforces the constraint on the representation @ffulazy data value while also allowing

the underlying supporting data to be accessed &alification or update.

13



1.3 Contribution

The unique contribution made as a result of thgeaech is that for the first time, a relation
valued attribute has been designed and implememigo RDMS to support both crisp and fuzzy
data values. The new data type not only providesnatraint that guarantees the atomicity of the
ordered pair, but also allows the database admatistaccess to the underlying fuzzy data table
for modification and update. This new system hanhgsed to validate and study RVA's as an

approach to the support of fuzzy data within tHatienal model.

The new system also allowed us to test the react@mm acceptance of users with respect to

fuzzy data as well as see how quickly they canmadtpt to the new concept.

14



Chapter 2 -Foundation Principles of Fuzzy Set Theory
2.1 Background

The relational data model with its strict applicatiand adherence to two valued logic,
recognized data dependencies, normalized decongesdand straight forward query language
has, for many years, provided practitioners with extremely logical and well-ordered
representation of their data environment. The cptsc@herent to fuzzy set theory can be used to
expand this well ordered environment to reflect arenuncertain real world while still
maintaining some sense of order.

2.1.1 Logic

The laws of identity, contradiction, and excludedidhe form the basis of 2-valued logic in
which statements must be either true or false withe context a particular logical argum@ht.
These laws can be expressed using classical ladiclassical or ‘crisp’ set theory.

2.1.2 Law of Identity

The law of identity states that ‘whatever is, is2aning a proposition is equivalent to itself and
likewise a real-world object is identical to itséle. both (P> P) and A = A are true}} Fuzzy

set theory is not in conflict with this law anduzty object is always itself.

2.1.3 Law of Contradiction

The law of contradiction states “nothing can boghamd not be" meaning a proposition cannot
be both true and false at the same time, withirstiee context (i.e. both =(R -P) and An A

= g are true)f® 2-valued logic does not allow a real-world objecbe placed in more than one
class at a time. It is not possible for the saméléoto be both empty and not empty at the same
time. Fuzzy set theory allows a real-world objechave membership in one or more classes. A

single bottle may be judged to be empty to somer#gxdnd not empty to some extent.

15



2.1.4 Law of Excluded Middle

The law of excluded middle states ‘everything megher be or not be’ meaning either a
proposition is true or its opposite is true; bo#émmot be true (i.e. both (F-P) and AVA = U,

are true)?® 2-valued logic allows a real-world object to beaisingle class and to only have the
traits of this class. A bottle is full or not fumpty or not empty. Fuzzy set theory allows a-real
world object to have partial membership in one arenclasses and to have the traits of each
class in varying degrees.

2.2 Crisp Sets Compared to Fuzzy Sets

Zadeh describes crisp set membership as ‘precisel &uzzy set membership as
‘imprecise’*P3® Crisp sets classify an object as either in the metnot in the set. A
characteristic function evaluates an object's shbership and returns 1 if the object is in the
set or O if the object is not in the set. Fuzzy sdlow classification of objects using a varying
scale of set membership. A membership functionrmeta value from the interval [0,1] to
indicate the degree of membership. This allows lgeab to have partial membership in one or
more sets. Zadeh is clear that fuzzy set degreeeofibership is not the probability of the object
being present in the fuzzy set, but rather it & é¢ltent to which the object actually belongs to
the classification represented by thel&&t>**-“%¢Ipegree of membership allows the fuzzy set to
be imprecise. Because of this imprecision, theranmiguity in interpreting the meaning of

degree of membership.

The imprecision of fuzzy sets can originate fromrenthan one source during data entry and/or
data querying. There may be uncertainty about ticeiracy of the data used as the value for a
fuzzy set element. The classification may be amiopi or a subjective point of view. The
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criteria used to search a fuzzy set may be vagbe. person searching may not have a clear
understanding of match criteria or may not be awha¢ a fuzzy set represents a category of
great breadth. In these cases, a data elementteeded fuzzy set membership provides a

measure of breadth and depth for its classificadioeh retrieval.

If there is a need for fuzzy sets, the meaning iiad-world object's membership in one or more
of these sets must be clearly established anddstat@a requirement of the implementation. This
is included in documentation to set the scope efuber's expectations. Once the semantics of a
fuzzy set are clearly stated, the benefits of tiveiunderstanding are available to those using the
set.

2.2.1 The Universe of Bottles using Fuzzy Sets

In the universe of bottles, assume there are tifueey sets that describe the fullness or
emptiness of bottles. Each of these sets is a faasgification. It is possible for a bottle to kav
some degree of membership in one or more of thiesses depending on the content of the

bottle.

The membership function for the fuzzy set of emp@younce bottles, as shown in Equation
(2.1), is plotted over the scale of bottle contentfiuid ounces with two other fuzzy classes in
Figure 2.1. The empty bottle degree of membershipaunces is 1, at 10 ounces it is 0.5, and at

20 ounces itis 0.

empty) = (20-x)/20 when &x<20 (2.1)

The membership function for the fuzzy set of half-bottles is given in Equation (2.2).
17



half_full(x) =

0
x /10

(20-x)/10 when10<x<2

0

when x = (
when 0 < x< 1C

when x = 2

(2.2)

The membership function for the fuzzy set of fudtttes is given in Equation (2.3).

full(x) = x /20 when & x < 20 (2.3)
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Figure 2.1: Fuzzy Sets (Universe of 20 oz. bottlesmpty, half-full, full)

These three membership functions each define ayfaet that intuitively makes sense. This
makes it possible to describe a bottle that coatéifluid ounces as ‘partially full’ and ‘almost
empty’ or ‘not very full’ based its contents. Inepise terms, it means that the membership
degree of a bottle that contains 9 fluid ounce®.%5 in a fuzzy set defined by the function

empty, 0.9 in a fuzzy set defined by the functiafffull, and 0.45 in a fuzzy set defined by the
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function full. While the fuzzy sets defined by tedhree functions provide an intuitive model of
bottles, the actual data used as arguments to thesgons is from a crisp set VOLUME which
contains the number of fluid ounces in each bottle

2.3 Relational Database Model

E.F. Codd based the relational model on first-optedicate logi¢”! In the relational model the
database is a collection of predicates over aefisgt of predicate variables and the data is
represented by n-ary tuples created from the Gartggoduct of these n sets. This mathematical
model of data makes it possible to create a camgisollection of information and to perform

operations using relational algebra and relaticafdulus"”

Relational databases are collections of relatimaalables (relvars) that present the user with
tables (relations) of data values in columns (aites) and rows (tuples). A relation is composed
of two parts. The first is the heading, which iset of attribute hames and domain type pairs.
The heading is a predicate or truth-valued funcimowhich the attribute names represent a set of
parameters that range over the attribute domaitiseo$pecified relation. The second part of the
relation is its body, which is a set of tuples. k@ these tuples is a proposition, which is true
for its attribute values within the datab&s®:6"°8 A tuple not present in the database is a
proposition which is false. Thus a query which nesuan empty result relation, shows no data
that can indicate a true proposition.

2.4 Fuzzy Database Model

Support for fuzzy logic can be added to the refetionodel by the addition of fuzzy attributes.

To do this, a domain is taken as the universe sadirse for a fuzzy set. A fuzzy attribute may
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be of the same type as any crisp attribute withattagition of a degree of membership, called the

membership weight

Each tuple in the body of a query results relaisma proposition and true to the extent
determined by the combined membership weightssodtiributes. A crisp attribute value found
in a relation is true with a weight of 1. A cristirégoute value not found is false with a weight of
0. Fuzzy attributes are true with a membership lateig the interval (0,1]. A fuzzy attribute
value not found is false with an attribute weiglitOo Methods of combining weights of n
attributes in a tuple are addressed by fuzzy ojeatfor intersection and union using t-norm

and t-conorm functions. These functions are deadrib Section 2.7 .

When the relational database model is extendedidioide attribute types based on fuzzy set
theory, the foundation of logic and mathematiceetained and the model is extended to include

features that support applications using fuzzydogi

A database management system which uses fuzzyudétsi to represent missing information and
multi-valued logic is possible. Fuzzy sets suggastpotential alternative to null as a
representation of missing data and attribute wsigifter increased granularity for attribute
classifications while supporting the recommendedalBied Boolean data type described by

Codd®
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Database applications able to match vague queriambiguous data in an intuitive way should
be possible. Fuzzy sets offer techniques suchngsiisitic labels, modifiers, and variables that

can support features of natural language. Thislshiyas described in Section 2.10.

2.5 Fuzzy Concepts

2.5.1 Crisp and Fuzzy Sets

Fuzzy set theory is a generalization of crisp bebty. U is a space containing points that
represent real-world objects. A generic element pflenoted by, ranges over this domain of
discoursé? P3*I The elements used to define and create both ardpfuzzy sets are from this
universal set, which is a crisp set.

2.5.2 Universe of Discourse

In the context of a fuzzy relational database mathel universe of discourse represents a domain
of all attribute values. The attribute domain ie Het of values from the universe that a specific
attribute may take. LASTNAME is a character strvayiable which could contain the value

‘Smith’, but it also has a domain that includes i8rmand all other valid last names.

This latter use models logical concepts within $kenantics of both model-theoretic and proof-

theoretic database as described by B&&® This supports a notation in which attributes have a
type that is defined by a domain which is a sub$etalues from the universe of discourse and
referenced using a variable that ranges over thise!%-104

2.5.3 Crisp Set Membership

Membership of an element in a crisp set C is datexdhby the set's characteristic function

which returns a value from the set {0,1}. A O inalies that the element is not in the set. A 1

indicates that the element is a member of th&&6&k.
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Chag(u) : U-> {0, 1} whereC C U (2.4)
The domain of the characteristic function in Equatf2.4) is the crisp sét and the range is the
crisp set {0,1}.
2.5.4 Fuzzy Set Membership
The degree of membership for an element in a fusty F is a value determined by its
membership function over the interval [0,1]. Fuzeys are created either by elements from crisp
sets made fuzzy by the association of a membergiight with the element, or by combining
elements from existing fuzzy sets. The membershipction takes an element value as its
argument and returns this value's membership wéiglet specific fuzzy sefr*!!
ur (u) : U-> [0; 1] (2.5)
The domain of the membership function in Equati@’®) is the crisp sél and the range is the
closed interval [0,1]. A fuzzy sé&tis defined over the universe of discoutseand composed of
pairs of values, where u is a value from the csisfl) andug(u) is the degree of membership or
the membership weight of u determined by the famcti , the membership function for fuzzy
setF as in Equation (2.6
F={ur(u)ujuesU, u)e [0, 1]} (2.6)
2.6 Fuzzy Set Operations
2.6.1 Equality
Two fuzzy sets A and B defined over U are equalmitie™”
vu e U, ua(u) = us(u) (2.7)
2.6.2 Inclusion

For two fuzzy seté andB defined ovetJ, A is determined to be included Bwhen:**+-")
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Vu € U, ua(u) < ug(u) (2.8)
2.6.3 Complement
The complement, defined in Equation (2.9), is #lative complement of set with respect to the
universe of discourse defined by &ktU is a crisp set so that the weightuofu) for an element
uin U, but notin is equal to &>
={uWu]ue(u)=1-p(u),us U} (2.9)
The complement, defined in Equation (2.10), isdbBve complement of sét with respect to
itself. B*7) This is the case for a fuzzy relational databakeresthe sef is the ‘active domain’
as defined by Codd P**%andF is the ‘active complement’ d¥.
={uFulp=1-pU)uesU, pu)>0} (2.10)
2.6.4 Intersection
The intersection of two fuzzy sets requires a lyifanction to combine membership weights
when an element in set A matches an element irBséthis function, fuzzy intersection in
Equation (2.11), takes two membership weights ssargument and returns an appropriate
membership weight for the fuzzy set intersectiorrapon. The class of t-norm functions meets
these requirements so that t-norm and fuzzy intéiseare interchangeable terfg61-2l
fuzzy intersectiar[0, 1] x [0, 1]-> [0, 1] (2.11)
Fuzzy intersection is often determined using the amorm function.
AN B = {uans(W/u | uang(u) = minfua(u), us(u)], u s A A ue B} (2.12)
2.6.5 Union
The union of two fuzzy sets is similar to fuzzy sgersection. A binary function is required to
combine membership weights when an element in seafhes an element in set B or to return

the membership weight of elements from eitherlsat do not have a match in the other set. This
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function, fuzzy union in Equation (2.13), takes twembership weights as its argument and
returns an appropriate membership weight for thezyfuset union operation. The class of t-
conorm functions meets these requirements so-t@tdrm and fuzzy union are interchangeable
terms 2PP-76-71
fuzzy union [0, 1] x [0, 1] [O, 1] (2.13)

Fuzzy union is often determined using the max teconfunction.

A U B = {uass(U)=u | paye(X) = maxa(u), usu)], u s AV u eV B} (2.14)
2.7 T-norm and T-conorm
Operations that combine sets choose elementsitcheled in the results set. The characteristic
function of crisp sets is used with logical operatto create logic functions to choose set

elements. Logic functions that perform the choidei a truth value of 0 or 1.

Operations that combine fuzzy sets use two kindopdrators to determine the degree of
membership for each element selected for inclusidhe combined fuzzy set. The t-norm and t-
conorm are logic functions that generalize 2-vallegic by admitting truth values on the

interval [0, 1]. This value is taken as the degoéenembership for the chosen element in the
combined fuzzy set. The operands used to compatent- and t-conorm are the values from

fuzzy set membership functiof§*°!

2.7.1 T-norm

The t-norm operato! | , is used by the fuzzy set intersection functiomef® are many functions
generically represented usi Ijthat satisfy the criteria of the t-norfi°> " All t-norm functions

are defined by the properties given in Table 2.thsthat these functions maintain the
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relationship in Equation (2.15)?"“® The min function meets these criteria, is simpie &

considered the standard t-norm operator for fuety.&PP->"!

It is proven that min represents the
upper limit for all t-norm functiong>**3! While either prefix (i.e. min(a,b)) or index (i.2 A\

b) notation is correct, the prefix notation is ubeae to avoid confusion with the logical and

symbol.
T (% y) <min(x, y) (2.15)
Property _ Equation
function [0, 1] x [0, 1] [0, 1]
arguments va, b, x,y, 2 [0, 1]
boundary conditions T (x,0)=0,T (x, 1) =x
commutativity T xY=T v
monotonicity x<a,y<b))=TxyY<T @b
associativity T (T xW2=TxT({y 2

Table 2.1: Definitions for t-norm
2.7.2 T-conorm
The t-conorm operatol], is used by the fuzzy set union function. Ther many functions
generically represented usiLL, that satisfy the criteria of the t-conorfi?#? All t-conorm
functions are defined by the properties given ibl&&.2 such that these functions maintain the
relationship in Equation (2.16}2PP%1 The max function meets these criteria, is singpld is
considered the standard t-conorm operator for fsetygP**% |t is proven that max represents
the upper limit for all t-conorm function&”*"'While either prefix (i.e. ma®( b)) or index (i.e.

a \V b) notation is correct, the prefix notation is usede to avoid confusion with the logical or
V' symbol.

1 (x, y) <max, y) (2.16)

Property Equation
function 1 :70,1]x][0, 1]=> [0, 1]
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arguments va, b, x,y, 2 [0, 1]

boundary conditions L (x0)=x1L(x1)=1
commutativity Lx,yy=L(, X

monotonicity (x<a,y<b))=L (x,yy<l(ab
associativity L@ xyY.2=LKxLy,2

Table 2.2: Definitions for t-conorm

2.8 The Intrinsic Nature of Fuzzy Sets
Some of the differences between crisp and fuzzy aet significant. In particular, the law of
contradiction (Equation 2.17) and the law of exeldidniddle (Equation 2.18) are applicable to
crisp sets, but do not apply to fuzzy sets.

cCNn=9 (2.17)

cu=u (2.18)
It is possible foru € U to have membership in both fuzzy $etand its complement . The
complement of a fuzzy set has this property becurssy set theory allows objects to be placed
into more than one classification as determinethieymembership function associated with each

fuzzy set.

If 0 < up(u) < 1, thenu is included inF . This is because u has partial membership and a

corresponding partial membership in its complement,

If ur(u) = 0, thenu is also included i . This is becausa has no membership in detand the

corresponding membership ot isu(u) = 1.
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An element in a crisp s€ cannot also belong to its crisp compleméht, This characteristic of
crisp sets is the basis of the laws of contradicémd excluded middle which are central to

classical logic and crisp set theory.

Multiple classifications allow fuzzy sets to reprasreal-world classification in an intuitive way

and suggest techniques that use fuzzy logic tderealti-valued logic.

2.8.1 Law of Contradiction

Equation (2.17) defines the law of contradiction ¢asp sets, but does not apply to fuzzy sets.
3pP-25] The following example using fuzzy sétdefined over the univerdg demonstrates that

the intersection of and its complement is not equal to the empty set.

U={a,b,c,d, e f g hij (2.19)
F = {1.0/a, 0.3/b, 0.8/c, 0.6/d, 0.2/e, 0.1/j} (2)20
F ={0.7/b, 0.2/c, 0.4/d, 0.8/e, 1.0/f, 1.0/g, 1,01t0/i, 0.9/j} (2.21)
F N ={0.3/b, 0.2/c, 0.4/d, 0.2/e, 0.1/j} (2.22)

2.8.2 Law of Excluded Middle

Equation (2.18) defines the law of excluded middlecrisp sets, but does not apply to fuzzy
setsPPP-BIThe example using fuzzy detdefined above demonstrates that the uniof afid its

complement is not equal to the univetse

FU ={1.0/a, 0.7/b, 0.8/c, 0.6/d, 0.8/e, 1.0/f, 1,ap/h, 1.0/i, 0.9/}  (2.23)

2.9 Representations Using Fuzzy Sets

Fuzzy sets model notions of set membership in a tlvaiyis compatible with common sense.
Part of this model of reasoning is the idea of ratlanguage where subtle differences in the
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strength of descriptive terms are generally undedstThis approach is used to query and match
elements in a fuzzy set using match criteria witlegpectation of more-or-less close matches.
2.10 Linguistic Labels
Linguistic labels are natural language words (euge, tall) that provide a method of expressing
membership in a fuzzy set using human terminol8gy?® Each linguistic label represents a
classification defined as a fuzzy set or a sub$et tuzzy set. A fuzzy set which is convex
(Equation 2.24) and normal (Equation 2.26) is alebned to be a fuzzy number representing a
range of close valuest*PP®% A linguistic label can now represent a range ofues as
represented as a fuzzy number. In terms of natarejuage, modifying the breadth of a
classification to a greater or lesser extent isead, theoretically, by using adjectives (eery
large). In terms of fuzzy set definition, such nimditions must be made to the membership
weights in queries of the set or through ‘filteagplied to fuzzy set membership weights. While
synonyms may be implemented using linguistic Igbat§ectives and filters are implemented
usinga-cuts and/or functions known as linguistic mod#ier
2.10.1 Convexity
The fuzzy seE defined ovel is convex when*3 PP-50-1l

vxy e U, VAE [0, 1], up(h- x + (1 -1) - y) = min(ue(x), ue(y))  (2.24)
2.10.2 Height
The height of fuzzy seff is the greatest membership degree for any elemesetF (i.e. the
supremunu, when®F # @) 1% P21

HeightF) = sup(u) (2.25)

ueyu
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2.10.3 Normal

A fuzzy setF is normal if its height is equal to 1 and subndrmiaen its height is less than .

p.21]

Height(F) <1 2.2
Normal(F) = ght(F) (2.29
1 Height(F) =1
Height(F) =1 2.2
Subnormal(F) = ght(F) (2.27

1 Height(F) <1

2.10.4 a-cut and Strong a-cut

Theao-cut of a fuzzy sef is a crisp set, denoted by is:

‘F={ulue U, ue(u) >0, a € [0, 1]} (2.28)
The strongu-cut of a fuzzy sef is a crisp set, denoted BYF is:

“F={u|ue U,ur(u) >a,a < [0, 1]} (2.29)
The concepts aid-cut and strong--cut have a significant role in the relationshipween fuzzy
sets and crisp sets. Because these sets are etssjrartain properties and operations of crisp
sets can be extended to sets defined using eithercat or a strongi-cut. P*¥g-cuts can be

used to define classifications used to search fgety using linguistic labels.

Thea-cut and strong-cut define fuzzy set match criteria in terms ofnmbership thresholds. An
a-cut of a fuzzy set is the subset of elements wmesmbership weights lie above a threshold

established by the value Adjusting the threshold will expand or contrdot tsubset in a way
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that will focus its membership on elements whickienkessor or greater membership weig[ﬁts.

p.19-21]

2.10.5 Support

The support of a fuzzy s€tis a crisp set of the element values frbrthat have a membership
weight greater than zero. This is the equivalerthefstrongi-cut whereo is equal to zero (i.e.
0+F). [3, p.21]

Support(F) ={u | .= U, ue(u) > 0} (2.30)

2.10.6 Kernel
The kernel of a fuzzy sét is a crisp set of the element values frbrthat have a membership
weight equal to one. These are the elements tmapletely belong té-. [*3 P54

Kernel (F) ={u | ue U, ur(u) = 1} (2.31)
2.10.7 Linguistic Modifiers
Linguistic modifiers can be used with fuzzy set rbenship functions and linguistic labels to
shrink or expand the notion of fuzzy set memberslyiglecreasing or increasing area under the
membership functions graph. This is similar to hadjectives modify the meaning of nouns in
natural language. This technique is referred tdiraguistic hedging. Linguistic hedges are
intentionally ambiguous statements. Fuzzy set nmxdifunctions shift or squeeze the
membership weights from a fuzzy set to create ahs#tcan be referenced by an appropriate

linguistic label. The linguistic label of the mo@id set is composed by concatenating the fuzzy

set identifier with a descriptive label (i.e. ajeative) associated with the set modiffét.P->+*!

From the example in Section 2.2 the three membefsinictions (i.e. EMPTY, HALF-FULL or

FULL) can be used with the crisp set VOLUME to ¢teeduzzy sets. In Table 2.3 the
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membership weights for full bottles of a particuM®LUME and the effects of weights for
linguistic modifiers (i.e. concentration, dilatioand intensification) as defined in the following
sections are shown. A 20 ounce bottle that costhinounces is full with a weight pgy (15)
= 0.75, but it is very full with only a weight ofery-ruLL(15) = 0.562. The bottle belongs in the
set FULL more than it belongs in the set VERY FULlLthe same bottle is described as
somewhat full and contains 15 ounces, it has a Wed usomewnar-rur(15) = 0.866 which
emphasizes the fact that a bottle this full isa greater degree, somewhat full.

Crisp set of bottle content in fluid ounces.

VOLUME ={0,1,2,3,4,5,6,7,8,9,10,11,12,13,14,1511618,19,20}

Example, linguistic label creates a synonym for aukzy set:

FULL-SODA-BOTTLE = full(VOLUME)

Example, linguistic labels and modifiers create neviuzzy sets:

VERY-FULL = CON(full(VOLUME))

SOMEWHAT-FULL = DIL(full(VOLUME))

2.10.7.1 Concentration

Concentration decreases membership weights ofleaitents in a fuzzy set, but proportionally
more for elements of lessor membership weight. €otmating the membership weights of a
fuzzy set decreases the spread of the set elensggitts. This linguistic modifier hedges a query
as if it were an adjective such as “vefy"P>4

teonE ) = (ur(u))® (2.32)
The effect of concentration is shown visually iguitie 2.2 where the dotted plot lines cover a

more narrow range of higher membership weights.
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2.10.7.2 Dilation

Dilation increases membership weights for all elet®en a fuzzy set, but proportionally more
for elements of lessor membership weight. Dilatthg membership weights of a fuzzy set
increases the spread of the set element weights.liflguistic modifier hedges a query as if it
were an adjective such as “more-or-le&&.#->4

uoi e (U) = (ur(u))™? (2.33)
The effect of dilation is shown visually in Figu?e?2 where the dashed plot lines cover a wider

range of higher membership weights.

2.10.7.3 Intensification

Intensification combines the effects of dilationdaconcentration. Membership weights are
increased (i.e. dilated) for elements of greatermivership weight and decreases (i.e.
concentrated) for elements of lessor membershight®i This change takes place at the mid-

point of the set membership weights in the intef@alL].** P-4

2 (ue(u)? if 0<ur(u)<0.5 (2.34
minTR)(U) =
1-2 (1 -ue(u)?®  if 0.5<pup(u)<1
The effect of intensification is shown visuallyfigure 2 where the dot-dash plot lines shift from

concentration to dilation at the mid-point of themrbership weights range.
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Volume Full Concentrated Dilated Intensified

0 0.00 0.000 0.000 0.000
1 0.05 0.003 0.224 0.003
2 0.10 0.010 0.316 0.010
3 0.15 0.022 0.387 0.022
4 0.20 0.040 0.447 0.040
5 0.25 0.062 0.500 0.062
6 0.30 0.090 0.548 0.090
7 0.35 0.122 0.592 0.122
8 0.40 0.160 0.632 0.160
9 0.45 0.202 0.671 0.202
10 0.50 0.250 0.707 0.250
11 0.55 0.303 0.742 0.595
12 0.60 0.360 0.775 0.680
13 0.65 0.423 0.806 0.755
14 0.70 0.490 0.837 0.820
15 0.75 0.562 0.866 0.875
16 0.80 0.640 0.894 0.920
17 0.85 0.722 0.922 0.955
18 0.90 0.810 0.949 0.980
19 0.95 0.902 0.975 0.995
20 1.00 1.000 1.000 1.000

Table 2.3: Full Bottles Membership Weights with Modfier Weights
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Figure 2.2: Full Bottles Membership Weights with Mdalifier Weights
Full Fuzzy Set (concentrated, dilated and intensiéd)
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2.10.8 Alternative to Linguistic Modifiers

The problems inherent in the concept of linguistecsed modifiers as proposed by Petry and
others™ lay in the fact that words are cumbersome, untquie society using the system and
cannot reasonably, accurately and consistentintegpreted as quantitative values. It can easily
be argued that any attempt to quantify languagainprecise way is an exercise in futility. Even
if such linguistic/value associations are agreethytdhe user community or a team of experts,
adjectives do not represent values. The commumityat reasonably interpret the word ‘very’
consistently as 0.8, which is essentially the cphbehind linguistic modifiers; words and their
synonyms that represent quantitative values thtthave a consistent modifying effect on the

fuzzy number.

Consider an even simpler example. Linguistic medsficonsist of words and their synonyms.
These words are nothing more than character stawigsh themselves are nothing more than
symbols that have a conceptual meaning to usersanhéamiliar with the language being used.
As such, the word ‘very’ is no more meaningful th@xy&’ if the community determines that
‘%xy&’ has a linguistic meaning. It follows thenahif a character or string of characters has a
linguistic meaning to the community, then nothingrenthan the lettex is necessary to play the
role of linguistic modifier. If it can be said thaery’ = 0.8 than it can just as reasonably bel sai

thatx = 0.8 along with its ‘synonymg or z

While a usemayrecall the quantitative value associated with yethere is no assurance that
they will. In short, words as modifiers are themsslfuzzy with meanings only determined and

maintained by a community.
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As an alternative, graphic modifiers can be sulistit for linguistic modifiers. Consider the
example of an implementation of a linguistic maghf{Figure 2.3) where the user selects from a
list of words to communicate the higher or lesaggnsity of certainty.

Extremely @

Very

Some what

Rather

Figure 2.3: Use of Linguistic Modifier

Compare the example in figure 2.3 with the exampleigure 2.4 which represent a graphic

modifier to accomplish the same objective.

Less More
(lj Qo000 0®0O Cll'
Less MMore

Figure 2.4: Use of Graphic Modifiers

A graphic modifier is not only more intuitive, batiso does not require the user or the
community to determine the significance or quattieavalue of the modifier. In fact, the
graphic modifier translates very easily into a ditative value as the ‘less’ end of the spectrum

logically represents a value of 0 while the othgtreme logically represents a value of 1.
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Furthermore, graphics are independent of any hulamaguage which eliminates the need to

maintain a dictionary.

Given the fact that the purpose of a modifier isdonmunicate the level of intensity associated
with a fuzzy variable, a graphic modifier has cladvantages over the use of linguistic modifiers
and the associated dictionary of words, synonynalstlaeir associated values. Further, the use of
and results emanating from a graphic modifier tiegesdirectly into a quantitative value which
represents the same information a community an@sys/ould struggle with in their attempt to

guantify language.

From this point forward, any reference to modifiet$ refer to values obtained through the use
of quantitative graphic modifiers.

2.11 Possibility Theory

Zadeh built upon the concept of the fuzzy set aimppgsed possibility theory. Possibility theory

is an abstraction that uses fuzzy logic to constausemantic model of the logical relationships
and patterns found in data. Zadeh's goal is a septation of information that accounts for the
intrinsic imprecision, vagueness, and ambiguityhmman reasoning and natural language.
Possibility theory has a relationship with probepitheory and includes concepts which parallel

probability®

Possibility theory references the same universdistourselJ, as fuzzy set theory. The variable
X takes the value af from U as shown in Equation (2.35).
X=u (2.35)
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Let fuzzy sef be a subset df with a membership functiom-. If F acts as an elastic constraint
to determine the values assignedtas in Equation (2.36) arflis associated witiX as a fuzzy
restriction, the degree to whi¢hsatisfies the constraint ofis measured ag-(u) which also
indicates the compatibility ofi with the concept represented By The degree by which the
constraint is stretched to allow this assignmenme&asured as 1 #(u) and is the distance
between u and the concept represented.by
X = uur(u) (2.36)
Let R(X) be defined as a fuzzy restriction EnAn assignment equation of the form in Equation
(2.37) associates the fuzzy set F with the reginain values for the variabk
R(X)=F (2.37)
The fuzzy restriction applied to variabtein Equation (2.37) can be translated as the prbpos
that “X is F.” Zadeh postulates that this proposition assosiatg@ossibility distribution, Pgs
with X as a fuzzy restriction ad as given in Equation (2.38).
Pox £ R(X) (2.38)
The possibility distribution function of Pps$s defined as pgsand is the numeric equivalent of
the membership function of X as shown in Equati89).
posc £ ur (2.39)
X is now a fuzzy variable associated with the gambsr distribution Pog in the same way a
random variable may be associated with a probghdistribution. The possibility distribution

function pog(u) is the possibility thaX = u and is postulated to equal(u).

The relational assignment in Equation (2.37) whaskociate§ with variableX may be restated

using Equation (2.38) as follows in Equation (2.40)
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Pox =F (2.40)
Equation (2.39) defines pgs) to be equivalent tae(u) and the possibility thaX = u, is

postulated to be equal ta-(u). [ P

In the context of a fuzzy relational databases th
membership weight of a fuzzy attribute represehes éxtent to which it is possible that the
attribute value belongs in the classification repréed by its associated fuzzy attribute. This
allows pog(u) to be used to refer to the possibilityuof

An Example

Let X be a variable that may take the valueuot U and letFULL be a fuzzy subset df

consisting of bottles that are full to some dedreéer to Table 2.3R(X)=FULL associates the

fuzzy setFULL defined by the function full in Equation (2.3)a$uzzy restriction oix.

If Xis FULL, the association dfULL with a possibility distribution foX may be expressed as
Pos( = FULL. Now the possibility oKX taking the value of u is pegu) oruruLL(u). If the value

of u is 15, the possibility oK taking this value is 0.75. It is possible thatGadunce bottle
containing 15 ounces is full with a degree or wemft0.75.

2.12 Vocabulary of Fuzziness

Imprecise is defined as not exact; vague or indtefin nature. Imprecise was the first term used

by Zadeh to describe fuzzy dafd:>*®

Vague is defined as being stated in general orfimitke terms; not having an exact or precise
meaning. There are other definitions implying thlé cause of vagueness is a lack of
understanding, clouded thoughts or a hazy meratd.siVhile the first definition describes fuzzy

data, the latter describes the mental state afiske rather than the ddfit®
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Subjective is defined as being determined from iops) intuition, or feelings rather than

observation and reason. Subjectivity representsopieptions derived from within the observer;
not necessarily based on the external environfrérhis is similar to the idea that vagueness
may originate in the mind of the user rather thathiw the data. In the context of a database

guery, this suggests that the user may have exmerdhat acceptable results must match.

Unclear is defined as being not explicitly defined,ndecipherable. Undefined data are similar
to missing or not yet complete ddfd! Data that are indecipherable are perhaps incamet

may also indicate that there is confusion on thré gfethe person interpreting the data.

Ambiguous is defined as capable of being classifigsho or more categories, which reflects the
concept of partial membership in more than one yis=t.!**! Ambiguity is closely related to

subjectivity, opinion, and perception.

Uncertain has a number of relevant definitions tlegdend on context. A fact may be uncertain if
there is doubt or the fact is not known. A numesaue is uncertain if it cannot be accurately
measured or determined. Places and things aretamcémot identified or located. Events in the
past may be uncertain if they are of an indefidié¢ée and time, as are events in the future that

may not occul?
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Incomplete is defined as not being finished or ma¢ing all of its components. Missing data,
unknown data, not applicable, or data not yet abdl are all meaningful descriptions of

incomplete dat8&”

Inconsistent is defined as showing contradictiopr@position with parts that cannot all be true.
Data integrity rules are intended to enforce datasistency requirements when a relational
database is modified. If inconsistent data can dpresented using fuzzy sets, the necessary

membership weights may be set using database iytegjes! **

Ma presents five classifications of imperfect d@t inconsistent, imprecise, vague, uncertain,
and ambiguous) for use when modeling fuzzy d&td*” But a careful analysis of these five
classifications and the eight commonly used temndeiscribe fuzzy data suggests four kinds of
fuzzy data described in the sections below. Thesestof fuzzy data are characterized by data
structures of one or more related values and opsréitat manipulate these data as necessary to

represent imperfect fuzzy data at both a syntacteclogical level.

2.12.1 Imprecise and Vague

Both imprecise and vague describe values that nealgnown approximately, but not exactly.
Imprecise numeric input is best represented adardage that is likely to contain the accurate,
but unknown value. A membership weight must be wated for the approximate numeric
value. Alternately, the input value may be a ndtlalaguage term that is mapped by a process
that determines an approximate numeric value andaitges as well as the fuzzy weight that
indicates how much the numeric value representsdhgral language term. Vague queries with

arguments defined in terms of natural languagerereorresponding search for this approximate
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value. The query term should map to the approximatee. An alternate search technique for
approximate values is the use e@fcuts to select those values at and above a speécifi

membership weigHt!™!

The database user intuitively knows if an answealase or acceptable and can judge the query
results. These imprecise numeric values are fuzmybers that are represented as weighted

approximations mapped within a minimum/maximum gng

2.12.2 Subjective and Unclear

Application design and queries must encompasssudgectivity and data clarity. While unclear
data may be incomplete data, it is also possilael#tk of clarity is related to the data collentio
process or intrinsic data ambiguity and thus relateuser subjectivit}® The database user's
point of view is the focus of subjectivity and epresented by expectations for query results. If it
is not clear how the database user will perceieedidita, accurate query results depend on good
database design and a clear understanding of appficrequirements specification. Queries
derived from application requirements can be gmditeid during application design and this
awareness may be used to create stored query preseithat take advantage of this knowledge.
Ad hoc queries may require a different strategu®ingo -cuts to constrain searches. A solution
may be to return a broadly defined result relagod allow the user to refine the ad hoc query

interactively to seek more accurate results.

2.12.3 Ambiguous and Uncertain

Ambiguity may require multiple data classificatioasd membership weights. An ambiguous

domain is represented by a data value of some ppate type and one or more fuzzy

41



membership weights associated with the attributelassification. Each classification is a set in

which the data value has partial member§Hip.

A common partial membership classification for fyizdata is uncertainty. Application
requirements should anticipate the potential ofeutainty and database design can then include
a certainty membership weight. The certainty ofasinbute value may vary over time (e.g. a
value that is certain with a low membership weightlata entry may be updated with greater
certainty later). Queries that answer questionsusanthe certainty weight when evaluating the

truth of propositions in the search results.

2.12.4 Incomplete and Inconsistent

Incomplete data is a characteristic of change.rmete data must be stored as is until missing
information is available. This is a known issue fbe relational database mo&lA fuzzy
classification similar to data certainty may soffaés problen® An incomplete data value may
have partial membership in a classification namethpgete. A search for data that is not
complete can be used by a data validation progesglery that answers questions can use the
weight of completeness to determine data religbéitd to evaluate the truth of propositions in

the search results.

Inconsistent data is another issue and is relaiedatabase design rather than the relational
database model. This is the case where differetat viues for the same attribute of the same
object occur in different locations within the dadge. Inconsistent data indicates incorrect

database design which can be corrected withougdsizzy logic.
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Chapter 3 - Relational Database Systems

3.1 Problems Inherent to Relational Database Systems

There are unsolved problems in database systemisntipfement the relational model. The
relational model was extendédl to address the missing data problem and the dztengas
partially implemented in many relational databassagement systems. Imprecise and uncertain
data remain an unsolved problem that may be sdiyedxtension to the relational model and
enhancements to existing database systems.

3.1.1 Relvar Data Type

The relational model allows a relation to be nestétin an attribute as a value (i.e. a relation
valued attribute)*®P*32%l Relvars have a type defined by their heading amexisting relvar
may be used as a template to create an identivak réut there is no declared relvar data type.
(17028 Eor this reason, a relation valued attribute (R¥As an implied data type of “relation” or

RVA and its domain is all relations.

3.1.2 Attribute Data Type

The data types in the relational model are restlidio the domain types used to declare
attributes. Current relational database managemsgstems (RDBMS) do not support user
defined data types that can be integrated into dordafinitions. Current RDBMS domains

allow Boolean, character, string, integer, floatp@nt and unstructured binary data types. What
is typically considered a user defined data type iourrent RDBMS is nothing more than a

restriction on the range of numerical values alldwe
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3.2 Fuzzy Relational Database

Database applications may be more intuitive andlasahen queries are allowed to be vague
and results are enhanced with information deriwedhference. Using fuzzy set theory to extend

the relational model may provide a uniform methbdupport for vague queries.

The relational model has been extertdethd continues to be refin€d Database systems based

upon the relational model have changed a greatatehlin some cases are not consistent with
the model. The use of null to represent missing @deid 3VL are extensions to the relational
model. Null was added to the SQL standard, but r@BRS products implement a

corresponding Boolean data type that includes tin&rfown" value to support 3V PP-13-4

An extension to the relational model based on fisatytheory is acceptable as long as the model
is not violated. The model was based on crispwhish are a specific case subsumed by fuzzy
set theory. A fuzzy extension must be developedh ait understanding of relational database
theory, formal logic systems, and fuzzy set thesoryhat database domains can be implemented
as fuzzy sets where attributes have names, typdsnambership weights. This must be done in
a way that makes sense and follows Codd's TweltesRDate's “Rule Zero," (i.e. requirement
that a relational database management systemsugadtional management facilities to manage
the database), and the “Golden Rule" which requihes the set of relvars that constitute a

database remain consistent with its integrity awmsts at all times}®!

! In 2013, a search of the world wide web, product documentation and experiments using DBMS products indicate that Microsoft
SQL Server™™, Microsoft Access!™, Oracle™, Ingres®”, PostgresSQLP?! and MySQL?? either implement a Boolean type capable
of no more than 2-valued logic or that have no Boolean type at all. This requires the user to designate some other data type and a
set of values to represent false, true, and unknown.
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3.2.1 Extending RDB with Fuzzy Types

The relational model can be extended using fuzztheery to allow relvar attributes which have
domains that are fuzzy sets. To make this extensi@appropriate distinction must be made
between domains based on ordinary or crisp setstlose based on fuzzy sets. Such a
distinction has been included in experiments usBMS products such as Microsoft SQL
Server and Access, Oracle, Ingres, Postgres, argtMyvhich either implement a Boolean type
capable of no more than 2-valued logic or have ool&an type at all. This requires the database

user to designate some other data type and a satugs to represent false, true and unknown.

3.2.2 Representation of Unknown and Uncertain Data

Codd added null and 3VL to the relational moderapresent unknown or uncertain dath.
Fuzzy sets are able to represent uncertainty. Zgo&s an example application for fuzzy sets
which suggests an implementation of 3VL using ayuzet using two value levelsandg with
the relationships defined in Equation (3.1).

O<ax<l1

0<p<1 (3.2)

p<a

A 3VL is defined using the attribute membership gi#$ over the interval [0,1] with an

application specific definition of the meaning tbe « andg value levels®P34*AThe formula

for this logic is shown in Equation (3.2).
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false whene(u) = [0, f]
3VL for set F 3 unknown whene(u) = (8, @) (3.2)
true whenue(u) = [a, 1]

3.2.3 A Fuzzy Weight Attribute

A fuzzy domain type must represent the membershgight constrained to (0,1] for
compatibility with crisp data types. A crisp datgpe could be extended by the addition of a
membership weight. Simply stated the fuzzy-typedoaite is both a membership weight in (0,1]
and a crisp attribute. There must be a mechanisasdociate the weight with a crisp value. This
will create a ¢,w) pair which satisfies first normal form. It must possible to associate multiple
(c,w) pairs to an attribute of another data type tovalllatabase values membership in more than
one classification. These features will allow fuzdsta types to be used within a DBMS
implementation.

3.2.4 Fuzzy Data Categories

Not every type of data is suited to a fuzzy intetation. If the effort necessary to support a
fuzzy-typed attribute is to be worthwhile, the udduzzy data must enhance the application. In
Section 2.12 our categories of fuzzy data werendefi Each of these categories requires the
selection of an appropriate scale of measuremeftrédoghe classifications for fuzzy-typed
attributes can be determined. There are five dgalkes which may apply to an attribute that is a
candidate for fuzzy interpretation. These are tbminal, ordinal, interval, ratio, and absolute
scaled?®P*3IThe data represented using these scales can lee ®itimeric or a string used as a

descriptive label.
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Imprecise and vague data is from the ratio scalé iantypically a floating-point value
represented by a fuzzy number and/or a linguistitable. Ratio data may be used to calculate
totals and averages. Subjective and unclear dgiacally requires one or more partial
classifications using fuzzy-typed attributes andyrba from the nominal, ordinal, interval, or
ratio scale. Ambiguous and uncertain data alwagsiires partial classification using fuzzy-
typed attributes and may be from the nominal, @&idimterval, or ratio scale. Incomplete data
attributes may be from the nominal, ordinal, intéyr ratio scale and must be associated with a
partial classification using a fuzzy-typed attribdlhat represents the level of data completeness.

Inconsistent data indicates a flawed database mesid cannot be fixed by fuzzy logic.

Fuzzy classifications are given adjectives for nautnecause of the necessary descriptive nature
of attribute properties. The attribute and clasation in combination describe some salient trait
of an entity. The classification must be definedtsmexpected weight is greater than zero and if
there is a default value, it is one. For exampie, uncertainty of most data may be zero. If the
uncertainty of an attribute value is a weight &,0ts certainty is 1 — 0.2 and the classification
associated with the attribute is then represerdgdEERTAIN with a weight of 0.8.

3.3 Setting Expectations

A challenge to working with fuzzy data is the magmgnt or setting of user expectations. Using
classic 2 valued logic, the response to a quemyrnstdata based on the evaluation of the
predicate used to obtain that data as being trhes fesponse reflects the classic two-valued
logic that have come to expect. For example, ussgsesting a list of students enrolled in a

specific class, say CS 301, expect the query tonmetny and all students who are enrolled in CS
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301. The expectation is further confined to onlgsi students enrolled in CS 301. The user
would not expect students from another class tmdladed. In fact, such a response would be an
error. The user's expectations follow the sameclagithe query. If the student is enrolled in CS
301 the predicate evaluates as true. If the studerdt in CS 301 the predicate evaluates as false
and the result will reflect this fact by the exetus of that student from the response set. But
fuzzy sets expand the capability of classical Idgggond the traditional two values. By necessity
it also expands the user's expectations concethmgesponse. Because fuzzy set theory allows
a real-world object to have membership in one oremdasses, user expectations must be

adjusted to expect and benefit from this outcome.

As an illustration, consider a search engine onltikernet. The inner workings of a modern
search engine are well known and no implicatiobasig made that a search engine operates
according to the tenets of fuzzy set theory. Thiangple is intended only to highlight the
importance and the role of user expectation inghery and response operation where the input
and response is inherently uncertain. When a usersa word or phrase into the search field,
the engine returns associated web links that mlosely match the user's input. For example,
someone might enter "Three brave xxwy# men" in $karch field of the search engine.
Obviously, or at least it is assumed, "xxwy#" isamgless and no sites exist on the Internet for
this value. Using precise, two-valued classicaldpgo web sites should be returned. But users
have come to expect the search engine to retusethites that most closely match the selection
criteria and to do so in descending order of tlxsehess of the match. There is any number of
web sites containing the words “three', "bravefr@n'. There are probably a number of sites that

have the phrase 'Three brave' or 'brave men' wigiepending on the algorithm used would
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either have greater or lesser prominence thanniigidual words. But this is not a fuzzy result
set. Modern search engines may not assign mempexghghts to the set returned by the search
guery and so the concept of weighted membershimbasle in this process. In fact, if none of
the four words entered into the search field warehe Internet, nothing would be returned. In
order to get a response set, some crisp value thhemuery must be present in the data. So there
is an appearance of imprecision and uncertaintlythisi imprecision is restricted to the presence
of crisp data in some form. The search predicatduates as 'true' for some word, words or
phrase contained in the query. And yet, despite thct, this example serves to illustrate a
situation where the user expects a result evemaif tesult is not precisely or completely what

they asked for.

With the shift from classical two-valued logic togic that accepts an object existing in more

than one class and to varying degrees, the paragdigfnrespect to user expectations must shift

as well, but only in logical ways. The user lookiieg students enrolled in class CS 301 should
still expect a response that contains all and dahbse students enrolled in CS 301. In this

situation, adding students enrolled in CS 312 as®igaing a degree of membership would not

make sense. In such a case, any application deacklimpaccommodate fuzzy set theory should

still operate in a way appropriate to the situatmal in accordance with the user's expectations.
The user, on the other hand, will need to expanddlexpectations to include either a crisp set or
a fuzzy set response as logically appropriate.

3.4 Four Kinds of Database Update

The motivation for using fuzzy data is driven bybgation requirements and must be supported

by a combination of database capability and desWgyhen data is fuzzy it is necessary to
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determine the nature and extent of this fuzzinesagua consistent analytical process. The
complexity of data entry and update is increasedhey need to set a fuzzy-typed attribute
weight. The data entry process must employ teclesighat interpret the values entered for
database update and map membership weights fresa tfues. The semantic content of fuzzy
data is stored in a relational database using eafes that populate data structures designed to
represent the components of fuzzy types (i.e. gdartassification, multiple classification, fuzzy
number, or linguistic variable). The impact on datdry applications that use these mapping
techniques is significant, but data entry shouldabsisted by using parameters stored in the

database catalog instead of being encoded in hleaton.

3.4.1 Crisp Data to Crisp Domain

A crisp data value updated and stored in the datalsathe typical case. The expectation of the
database designer and the application developser eccurate transfer of data values from data

entry forms or measurement instruments to datatasage.

3.4.1.1 A Simple Example

A database of business contacts is an examplesiofigle crisp database application. Each tuple
includes a contact name, organization name, madddyess, email address and phone number.
Salesmen collect business cards from potentiabmets and someone enters the data from each
card into the database. The data source for tipsicagion is certain and crisp. The database

domains are crisp.

3.4.1.2 Height Example

Data entry accepts the height in inches for a nsaleject age 20 and over. There is no

expectation of error or subjective opinion. The sugament process is documented for a precise
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measurement device operated by a skilled and ttaiteehnician who transcribes the

measurement to a data entry form.

3.4.2 Fuzzy Data to Crisp Domain

This is the case where the opinions, point of viawl judgment of the person who collects
and/or enters the data are used to adjust a valioeebit is added to the database. A mapping
from a fuzzy concept to an appropriate preciseesaiua crisp domain may be needed, but it is
also likely that data is missing and requires psstey as an exception. If there is no default
value, data entry must either follow some instiuttset or enter a sentinel value that can be

corrected later. It is likely uncertainty remaingree end of this process and information is lost.

3.4.2.1 A Simple Example

The business contacts application is enhancedctada estimated sales data. These estimates
are developed by the salesman after meeting witlhstomer. Salesmen are expected to estimate
sales for current year using their expert opinibms makes the data fuzzy, but some salesmen
take it a step further and estimate a minimum angaimum for expected sales as the estimate.
They argue that the best estimate is somewhet@dndange. The data entry operator enters the
contact information and must include the estimatds. If the estimate is a range, the data entry
operator calculates the mid-point of the minimuna amaximum and enters it as the estimate.
Later the database administrator adds attributeth®ominimum and maximum to the database
with a function that calculates the sales estinaatéhe mid-point. If the salesman includes an
estimate with a range, the calculated estimatebeasverwritten. This creates a crisp version of a
fuzzy number without a membership weight to measiieeexpert's belief in the approximated

number. The expected sales data is fuzzy and tmaidas crisp, but information is lost.
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3.4.2.2 Height Example

Data entry accepts height in descriptive termsgusistural language for a male subject age 20
and over. The expectation of a subjective opingadcepted. The measurement may be reported
as an estimate by the subject who does not knowdight or by another person. The height as a
descriptive term may be short, average, tall, \&ryrt, normal, and “I am tall or almost tall.”
Data entry is allowed to ask about the estimateusmadthe replies to enter a precise and specific
height value in inches. Data entry must considerh@ight of the individual who estimated the
subject's height. If the estimator believes thaahe the subject are tall, but appears to be 5 feet
in height, the estimation should be adjusted dowdwH the estimator believes he is average
height, but appears to be over 6 feet in heightl estimates the subject is very tall, the
estimation should be adjusted upwards. If the egbnreports his height in inches and confirms
that the subject was about the same height, thghhean be entered. Using these techniques to
map fuzzy data to a crisp domain will result in goimstances where information is lost because
there is no associated fuzzy-typed attribute tecated certainty.

3.4.3 Crisp Data to Fuzzy Domain

Crisp data may be used to update fuzzy domaingmesifor partial membership and/or multiple
membership classifications. Fuzziness originatemfthe relationship between the crisp value
and the fuzzy category. The membership weightlsutated based on this relationship which is
an aspect of the application for which the datalmasst be designed. The information needed to
classify data values may be included on a datay datm or be available as part of the data
collection process in a point-of-entry system. Allvdesigned user interface for data entry is

necessary to guide the process of category satectio
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An example of crisp data update to a fuzzy domsidata collection under circumstances that
indicate uncertainty about the accuracy of the datd is collected or measured. In this case the
crisp data values are entered with a weight ofgast. The alternative is to enter this data into a
crisp domain with a qualification warning that ttheta is as accurate as possible, but the level of

this accuracy is not known.

Data can be missing because it is not yet availaldes not exist, or is not applicable. In this
case, a data entry option that allows a selectiomong classifications is necessary. The
categories are represented by fuzzy-typed attsbabel should be positive (i.e. with a weight of
1 as the typical case) such as PRESENT vs. miskiN@QWN vs. unknown, AVAILABLE vs.
unavailable, or APPLICABLE vs. not applicable withe choice of category used to calculate
membership weight indicating the state of data detigm as COMPLETE. An alternate
approach is to rely on a sentinel value entergqulane of the missing data and used to determine

status of data completion.

3.4.3.1 A Simple Example

The business contacts application is modified tuire the data entry operator to classify the
business using the information on the businesssdaoth printed and written by the salesman.
The database administrator decides the need fopi@mon from the data entry operator requires
that fuzzy data be stored in the database. A falagsification to measure the uncertainty of this
opinion is associated with the kind-of-businessitaite. Expectations are that in most cases
there is no uncertainty so the default membershamhi for uncertainty is 0. The classification

is changed to measure certainty and named CERTANE. default membership is 1.0, but the

data entry operator may adjust this to any valuethan interval (0,1]. There is no list of

53



appropriate categories for the attribute named KIOIBBUSINESS so the database
administrator makes a snap decision to add andtizey classification. The prevailing opinion
of the data entry operator is accepted, but if ssme/, a sentinel value of unknown or missing
can be entered for the kind of business. This fudagsification for unknown or missing data
and is associated with KIND-OF-BUSINESS using treme UNKNOWN with a default
membership weight of 0. The data entry applicasets UNKNOWN to 1 if the KIND-OF-
BUSINESS value is unknown or to 0.5 for the valuessimg. If the missing data becomes
available, a search for unknown values can matcth@ @ NKNOWN membership weight 1 and
data is updated. The data source is crisp, butdtdmain is made fuzzy by the addition of

subjective data to the database.

3.4.3.2 Height Example

Data entry accepts the height in inches for a rmalgect age 20 and over from a verbal report.
The report may be from a technician who used aiggemeasurement device to measure the
individual or from clerical staff who asked the imdual about his height. It is necessary to ask

about measurement accuracy and include an accorampership weight with the height data.

Data entry is required to ask a series of questant set the accuracy membership weight
according to the answers and several rules. “Did yoeasure the individual with an
instrument?”, “If not, did you estimate height akahe individual?", and “If you asked the
individual his height, was he standing up and deeappear to be that tall?" An accuracy weight
in the interval (0,1] is determined from these dues and used to valuate the CERTAIN fuzzy-

typed attribute associated with the precise haighte in the database.

54



3.4.4 Fuzzy Data to Fuzzy Domain

Fuzzy domains are designed to store fuzzy datawayathat preserves the meaning of the data
and minimizes loss of information. A database desigfor fuzzy domains that are compatible
with the application requirements for data représ@n can support any and all fuzzy data types
including partial classification, multiple classiitions, fuzzy numbers, and linguistic variables.
Fuzzy data entry requires methods that can botle stalues in fuzzy type data structures and

map these values to fuzzy membership weights.

3.4.4.1 A Simple Example

The business contacts application is enhanceddiaceethe number of business classification
errors, correct a fuzzy database design flaw mlate unknown data, and improve the

representation of sales estimates using a genuazy humber in place of crisp values.

The data entry operator now classifies the busityggsusing information from the business card
and a pull-down list of acceptable classificatiaderived from the database administrator's
domain analysis of customers. This list of categ®reliminates confusion created by typing
errors, synonyms, and conflict between the singaihat plural. The certainty of a classification
for KIND-OF-BUSINES selected from the pull-downtlis a default CERTAIN weight of 1.0,

but the data entry operator may adjust this to aaye in the interval (0,1]. If the kind of

business is unclear or the information is missiraglio-buttons are used to select a either

unknown or missing instead of a classification friva pull-down list.

Implementing this change allows the database adimior to correct a database design flaw

introduced with the fuzzy typed-attribute UNKNOWIie membership weight for an unknown
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data value is 1 which means that the membershightvéor a known data value is 0. While this
seems logical, in the context of the relational elaahd crisp set theory, a value that is in the
database has a weight of 1 and values not preagatahweight of 0. To correct this problem, the
UNKNOWN category is replaced with a fuzzy-type iétite named KNOWN and the database
weights are changed. If a KIND-OF-BUSINESS is sieleédrom the pull-down list the default
KNOWN weight is 1.0. If the unknown button is se¢tetthe KNOWN weight is set to 0.1, the
database administrator chose this value becauseaitlow value in the interval (0,1]. If the
missing button is selected the KNOWN weight istedd.7. These weights are less than one and

can be matched by queries and updated if the ngigsiarmation becomes available.

The estimated sales data introduced to the bustmssicts application is enhanced to use a
fuzzy-number attribute in place of the crisp atités representing the estimate. To

management's surprise the salesmen were correthamest estimate of sales for the years is an
approximate value between the estimated minimumimax. The database administrator

replaces the attributes for minimum expected satesimum expect sales, and estimated sales
with a fuzzy number that uses a triangle functiorrépresent the sales estimate. The triangle
function for each customer in the contact datalngss the minimum and maximum range as the
base of the triangle on the x axis and is normdlizach that the estimated sales has a
membership weight of 1. The salesmen are askedt&y all three values on the business card,
but if the range is the best estimate, the mid{peatue is used as the estimate. Using a fuzzy
number supports sales queries using approximatdersnand fuzzy arithmetic that can sum the

estimated sales for multiple customers giving aaothzzy number.
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The business contacts database is easy to user@vidgs unexpected useful information. The

data source and the domain are both fuzzy.

3.4.4.2 Height Example

Fuzzy sets are defined using crisp data from théoNal Health Statistics Repdfs”!® to
develop a fuzzy height domain for men age 20 aret,dlie fuzzy sets defined from this data are
used to derive partial classifications, multiplesdification, fuzzy numbers and linguistic

variables that support fuzzy data update for peedata from overlapping ranges.

Once defined, the meaning of fuzzy terms or valaes the significance of fuzzy set
membership weight must be understood in the comeitie domain defined for the fuzzy data.
This understanding can be established by a meaningép attribute name (i.e. HEIGHT), an
association with relevant fuzzy-typed attributes.(CERTAIN and KNOWN), and metadata that
defines the fuzzy domain (i.e. as a linguistic &ble). The attribute HEIGHT is a crisp attribute
on the domain of positive floating point numberstine range of possible measurements of
stature for adult men. Additionally, it is a fuzaymber based on the range of heights from the
linguistic labels (i.e. short, average, and taihni Table 4 and a linguistic variable defined by
the membership functions for short in Equation \3&/erage in Equation (3.4), and tall in
Equation (3.5). These functions are virtual fuzeyssepresented as metadata and stored in the
database system catalog. The use of linguisticldaloe data entry requires the HEIGHT be
associated with a fuzzy-typed attribute CERTAINhmgartial membership in this category to
measure any uncertainty implied by imprecise ignd to support vague query. If it is possible
for HEIGHT to a valid unknown value, it must alse associated with a fuzzy-typed attribute

named KNOWN with partial membership.
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Fuzzy Sets (tall menover age 20)
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Figure 3.3: Height Men over Age of 20.
The membership function for the fuzzy set of shmen over the age of 20 shown in Equation
(3.2) is plotted as half of a trapezoid over thaels®f height in inches in Figure 3.3. The short

membership weight at 60 inches is 1 and it falld t@hen height reaches 69 inches.

1 when x 64

(3.2)

short(x) 5 (70-x)/6 when64<x<70

0 when x> 70
The membership function for the fuzzy set of memaadrage height over the age of 20 shown in
Equation (3.3) is plotted as a trapezoid over tteesof height in inches in Figure 3.3. The

average height membership weight from 69 to 71é@sadls 1 and it falls to O as height either

decreases or increases.
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0 when x< 60 or x> 76

(x-60)/6 when 60 <x<66 (33)
average(x) (76-%)/6 when70<x<76 '

1 when 665 x< 70

The membership function for the fuzzy set of tabmmover the age of 20 shown in Equation
(3.4) is plotted as half of a trapezoid over thals®f height in inches in Figure 3.3. The tall

membership weight at 80 inches is 1 and it fall@ & height falls to 71 inches.

0 when X< 66
tall(x) = (x-66)/6 when66<x<72 (3.4)
1 when x> 72

3.5 Four Kinds of Database Query

The impact of fuzzy search on the data query psmesay be significant. The complexity of
data query is increased by the need to evaluatey/fiyped attribute weights in the results. The
semantic content of fuzzy data stored in a relaliaiatabase using data structures designed to
represent the components of each fuzzy type (adigb classification, multiple classification,
fuzzy number, or linguistic variable) must be eadhd by the query processor and compared to
both precise and vague search terms. Search gfaeis and consistency can be enhanced by
using parameters stored in the database cataldgath®f being encoded in the application.
These search techniques must interpret databasieutgtvalues and associated membership
weights for presentation. An alternate approactoitet the database user rely on intuition to
evaluate results. For example, membership weightsldta certainty and completeness may be

self-evident.

59



3.5.1 Crisp Query of Crisp Data

A exact match of data query arguments to precise stared in the database is the typical crisp
case. If the search criteria are accurate and aim@ corresponding crisp result set is expected.
If the search criteria are terms that the useeles may match in some cases, the search criteria

are incomplete, but a useful match on one or nera ts possible.

3.5.1.1 A Simple Example

The business contacts database from Section guersed using a value to match an attribute of
interest. This could be the last name of the carda¢che name of the organization. The query

and results are crisp. If there is not an exactmdhere are no tuples in the result.

3.5.1.2 Height Example

The user queries a database of males age 20 andootbhose who are 72 inches or greater in
height. There is no expectation of error in theadase. A result set of those men who were
precisely measured at 72 inches or taller are feamd included in the query results.

3.5.2 Fuzzy Query of Crisp Data

The goal to support fuzzy query of crisp data rezpia retrofit to the classical database. The
capability of vague search depends on an undeistaiod the nature of the data and if this has
not been built into the database by design, it nmesimplemented in the application's query
programs. This may be done by adding fuzzy-typédbates to represent classification with
partial membership for categories such as certaifitglata accuracy or data completeness.
Another approach is to create tables of linguikthels that represent ranges of data values to
support a more user friendly interface. In bothesathe association between the crisp data and

the fuzzy retrofit must be implemented in the aggdion.
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3.5.2.1 A Simple Example

The business contacts database from Section 3quesed using a stored procedure. This
procedure is a search for approximate estimatexb s a match to the value of its argument.
The query compares the argument value to the mmirsales, estimated sales, and maximum
sales in the business contact database and retlirgples where the argument falls within a

value range. The results set is ranked using thgeraf estimated sales to maximum sales
expected and then using the range of minimum ergdesales to estimated sales. This is a
simulated fuzzy query that returns all estimates &ne close to the search argument. Most of the
sales estimates are mid-points between the mininameh maximum and give very rough

estimates. Totaling or averaging sales gives apmabe results. The crisp data in the database

represents fuzzy data.

3.5.2.2 Height Example

A person's height can be measured precisely anfiedenf they turn out to be taller or shorter,
there may be error in the measurement process ridudne the measurement system. There is no
judgment involved in determining a person's heimghen a calibrated measurement device is

used.

There is uncertainty when the issue is whethersgpewho measures 6 feet in height is tall. The
answer varies widely given a person's perspecfiveommunity may have a consensus, but this
is only a combination of individual opinions. A uarsal consensus is unlikely because the local
definition of tall will depend on the average hdigh the individuals in the community. If the

community is short then “average” height may bestered tall.
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It is possible for the members of the communityctange. If the members of the original
community tend to be short, the community conceptibtall may increase as the population of
the community becomes taller. It is reasonablexpmeet the community to change its opinions as

its membership changes; therefore it is futilee@ree a static definition for tall.

It is important to include the perspective of theserver in the process that defines what is
considered tall. It is also important to respe@ kbwer and upper limits of human height. In
Figure 3.3, it can be seen that a male with a h@ff7 inches or greater is considered to be tall.
At a height of 72 inches a male is tall with a menship weight ofira i (X) = 1.0, but those of
average height may have some degree of membershigitall classification. The cross-over
point for the average height and tall membershitions is at 74 inches whetgyeracéX) =
0.83 and«raLi(X) = 0.83. This means that at a height of 71 ischenale may be considered to be
of average height with a weight of 0.83 and talima weight of 0.83. Membership is fuzzy at

the cross-over point allowing membership equallynuitiple classifications.

To allow a search using a descriptive phrase saéh“tall adult male,” a synonym table must be
provided for the user interface so that fuzzy queryns can be selected and used to create a
phrase that can map to a crisp value. The synoadpte includes search terms anduts which

are values calculated from the height values climseéhe meaning of the term. Once an
appropriaten-cut is identified the database may be searchntb¥alues equal to or greater than

the a-cut which will be included in the results relation
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Additionally, modifiers such as “very” could be fated into the degree, modifying the value of
membership function of height at its extremes, udher refine the weighted response. For
example, VERY(X) zuntreicHT(X) uses an linguistic modifier to concentrate heigwards the
greater values Qfneign{X). This technique allows “very tall” to be incled in the synonym table

and associated with ancut of greater value that that for “tall.”

3.5.3 Crisp Query of Fuzzy Data

A precise query for fuzzy data may be the casesofguan ad hoc query to examine data and
resolve an anomaly in the database or a probletineirapplication. It may also be the case of a
user checking a fact with a general purpose datayqfool. The search criteria are precise terms
the user expects to match a particular tuple indambase. Retrieving this data value for

interpretation is the purpose of this kind of query

3.5.3.1 A Simple Example

The business contacts database from Section 3igp(Data to Fuzzy Domain) is queried using
general purpose tool included with the databaseagement system. The database administrator
needs a report of the KIND-OF-BUSINESS attributéuga to conduct a domain analysis of
customers and wants to evaluate the data entryatmpir level of certainty associated fuzzy-
typed attribute CERTAIN. The crisp query is ordetgdthe values in KIND-OF-BUSINESS
and the fuzzy membership weights are interpretethbydatabase administrator as values on the

interval (0.1].

3.5.3.2 Height Example

The user queries a database of males age 20 andootbose who are 72 inches or greater in

height. There is no expectation of error in theadase. A results set of those men who were
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precisely measured at 72 inches or taller is foand included in the query results. But the
attribute HEIGHT in the database is fuzzy and ideki a fuzzy attribute UNCERTAINTY

because the data entry process allowed either thgighches or a descriptive phrase as input.
The data entry user interface relied on fuzzy caidls to enter the data and determine its
membership weight in UNCERTAINTY. If the user quamguests all attributes, there is a

column in the results table indicating the certathiat the height is accurate.

3.5.3.3 Issues and Expectations

By its very nature, a precise query set expecteeaige response set to be returned. If a user asks
for students taking Course 310, the user will ekpesee these students and only these students
contained in the response set. It would be inap@tgpto also include students enrolled in

course 311 and associate these students with &tedigossibility.

Nor would it be appropriate to return a set contgyra value of anything other than 'Large' if the
user selects boxes where size is equal to 'Largale the characteristic 'Large’ may be seen as
subjective and its application uncertain, it woulot be stored or maintained as a subjective
value in a set. Seemingly subjective values sudaeage, Medium and Small would be assigned
within the set based on certain quantifiable anthroonity agreed upon criteria. While the
concept of size is thus 'fuzzy', its applicatiornhivi the set is not. Size is, in fact, given certi

by its assignment of a value. In its use, the qi@ra box where the seemingly subjective size is
'‘Large’ would be just as definitive as a query \ehire course equals '310'. While the data is
inherently uncertain in its definition, that defion is given crisp form by its application as a

value in a set.
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Another example of this type might be that of aseaglass. An asset class might contain a value
of "Boat', "Car' or "Truck'. Individuals can debatieat characteristics uniquely and indisputably
qualify an asset to be a "Car', but the fact tit tharacteristics are debatable implies
uncertainty. For example, there is a vehicle calliéd®uck' that was designed to go off of the
road and into the water and propel itself like atbd@hen there is the popular American classic
automobile, the EI Camino, which was distinguisbgdappearing to have all the characteristics
commonly associated with a "Car' but possessingck bed. So the question arises, is the Duck
a Car' or a Boat'? Is the ElI Camino a "Car' ofrack'? Well, when a user extracts from a set
all assets of class "Car', the system will retdrthase assets which have been assigned a class
value of 'Car'. The uncertainty is within the usenind only. The uncertainty generally does not
exist within the elements of the set. But whathi system were to take the preceding example
and assign a membership weight to the value cadain the CLASS attribute? If it were
determined that the El Camino is 0.6 a Truck'cksset and 0.9 a "Car' class asset, and request
all assets where the class is equal to "Car', agbtrget something of a fuzzy set as represented

in Table 3.5.

Asset uear(X) | Classification
Bentley 1.0 Car
Thunderbird 1.0 Car
El Camino 0.9 Car
Duck 0.6 Car
F-150 0.0 Car

Table 3.5: Cars
Would this result be meaningful? Would it have agtical application? In such a case, the
possibilistic value would need to be assigned leydammunity up front. The decision would
need to be made and a value assigned that an EhG@duas a 0.9 membership in the "Car' class.
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Or, taken from the other side, there is a 0.1 jpddgithat it is not a "Car'. The result set would

then be ranked by its membership weight, this im@ecreasing order of likelihood.

Vehicle Membership in the 'Car' Asset Class
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Figure 3.4: Classification of Cars and Trucks
While the graph shows the F-150 to have a membewsitihin this set of 0.0, it could be argued
and agreed to by the community that the F-150,ghau'Truck’, does transport passengers and

S0 is, to some degree of truth, a car.

So there is a challenge with assigned and statimbweship weightings relating to the
complexity of maintaining the data. This examplaifairly easy one. The task of establishing
and maintaining a 'possibility of truth' for allluas and all permutations at first blush seems
unreasonable. Suppose there are asset classesarfortreck, boat, machine, computer

(automobiles have computers contained within thamj then these are categorized as light
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weight, heavy weight, medium weight and the scdpén® exercise and the system gets a little
out of hand, particularly when these weights avéerged and reevaluated.

3.5.4 Fuzzy Query of Fuzzy Data

Fuzzy queries are designed to match the informatimeoded in structures designed for fuzzy
data types including partial classification, mukiglassifications, fuzzy numbers, and linguistic
variables. Fuzzy queries require methods that cap search criteria to values in fuzzy data
structures, retrieve these data, and interpretyfuz@mbership weights in a meaningful way. The
fuzzy database and query application interface nhgstdesigned to be compatible with

application requirements. Adequate data representals a prerequisite for good data

presentation.

3.5.4.1 A Simple Example

The business contacts database from Section 3zZzyHData to Fuzzy Domain) is searched
using a query program developed for the businesgacts application. The database user
interface form includes each database attributé,natches using only the query arguments
entered in this form. A sample query returns thetact name and phone number of a specific
type of organization (i.e. KIND-OF-BUSINESS) selsttfrom the pull-down list if the expected

sales for the year are approximately a millionalsllor more with a possibility of 0.9 or greater.

The search returns three tuples that represermgrdposition interpreted as “the business contact
NAME can be reached at PHONE NUMBER where approteigedESTIMATED SALES worth
of sales with a possibility of SALES-WEIGHT are exped.” These three tuples are ranked

using an aggregation of the membership weightaffocrisp and fuzzy attributes in the search.
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This aggregation is interpreted as the overallhtro¢presented its associated tuple (i.e.
proposition).

3.5.4.2 Height Example

Fuzzy sets are defined using crisp data from thBoh@ Health Statistics Reports*1 to
develop a fuzzy height domain for men age 20 aret,dlie fuzzy sets defined from this data are
used to derive partial classifications, multiplesdification, fuzzy numbers and linguistic
variables that support fuzzy queries such as “alsoxerage height” and “maybe tall” for use
with precise and fuzzy data that overlaps in rangags example may be identical to the Height

Example in 4.4.2 (Fuzzy Query of Crisp Data).
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Chapter 4 - Modeling Fuzzy Relations

4.1 Overview of Entity Relationship Modeling

A relational database is composed of individualtiest and the relationships that exist between
them. Each entity and relationship is defined by #ttributes contained within the entity or
relationship which will evolve into the relationahriable or ‘relvar and the data model
associated with the entity or relationship. In ord® communicate the characteristics of a
relational database, the entities, the relatiorsshipd their attributes, a modeling methodology is
useful. Various symbologies have been devised with first being proposed by Dr. Peter
Chenl?® Together these symbols are used to construct mtityERelationship’ (E-R) Diagram.
While the specific characteristics and symbols us@td have a rather personal styling, there are

some common elements essential to all E-R diagesntkescribed below.

4.1.1 Entity or Entity Set

An entity is something that exists and has progersuch as an employee, a supplier or an asset.
Similar entities form an entity set. There is adicate associated with entity sets that we can use
to test whether the entity belongs in a set. Fangle, we know that if a supplier is in the entity
set ‘Supplier’ that it contains all the essentiaerties associated with the entity supplier. Eet
denote an entity set argl an instance of an entity within the set. A sugpinay be contained
within E; as a parts supplier or as a supplier of some aofoed or service that will be
represented in the datab&$eBut both suppliers have common properties and ttstspite their
different role, would be contained in the entity Ee Such a representation might be described
using an ‘ISA’ representation where PARTS SUPPLIER a SUPPLIER and

MATL_SUPPLIER is a SUPPLIER and both share commasestial attributes.
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4.1.2 Weak Entities

A weak entity is an entity that contains informatibat can not exist without the existence of in
another,owner entity. For example, an entity ‘Child’ would be ake since without a related
‘Parent’ owner entity no instances of childrenhi Child entity could exist. In all other respects,
however, weak entities maintain the same charatiesias any other entity.

4.1.3 Relationship or Relationship Set

Relationships consider the associations betweeitiest®! The role of a relationship is the
function that that relationship plays between oteetities. A supplier ‘supplies’ parts or an
employee ‘works in’ a department. Formally, EBtagain denote an entity set. legtdenote an
instance ofE;. The role of an entity can be statedrdsg wherer; is the role of gin the
relationship.

4.1.4 Weak Relationships

Weak relationships associate weak entities witlr thener entity.

4.1.5 Attributes

Attributes and their values are represented bybate/value pairs. The attributes themselves
describe the essential information specific to aitye or a relationship such as ‘supplier
number’, ‘supplier name’ or ‘supplier address’. Wedues are the values associated with these
attributes in an instance of the entity or relagldp. As Peter Chen puts it, “An attribute can be
formally defined as a function which maps from atitg set or a relationship set into a value set
or a Cartesian product of value sét&”

fiEorR > ViorVip XxVi2 X ... Vi 4.1)
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4.1.6 Derived Attribute

A derived attribute is one which does not formakist as an attribute associated with an entity
or a relationship and whose value is not physicstibyed in a table. It can be represented as an
attribute, but its value will be derived from anethattribute or attributes. For example, a
person’s age can be derived from subtracting aop&rdirthday from a given date. As such,
there would be no need to for the database to shge as an attribute within a table. The
benefit of such a derived attribute is that itsueals not necessarily static. As with age, if a
person was born on August 26, 1960, they would bgears old on August 26, 2010. On that
day, the derived attribute ‘age’ would return tlzdue ‘50°. If the system maintained the age as a
static value, the age would not be correct in 2Qhless updated. Using a derived attribute
contributes to the accuracy and the efficiencytbé attribute ‘age’ in the system at both the
logical and the physical levels.

4.1.7 Functionality

The functionality of a relationship between ensitielates to the relative number of instances
that these entities can share. For example, marplogees may work in many departments
resulting in a many to many functionality. In aratlexample, one department may be managed
by only one employee. Such a one to one circumstendenoted with a functionality of 1:1. In
yet another example, employees may be assigneabito iw accordance with a set number of
occurrences, for example, 1, 2 or 3 departments dihcumstance would be denoted as n:m.
Within the entity relationship diagram, functionglcan be represented in many different ways.
However, for the purposes of this dissertation, théowing designations will be used to

represent functionality:
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1 — One and only one instance within an entity.
n — A number > 0.
m — An indeterminate number from 0xo

4.1.8 Entity Relationship Component Representation
Each of the components described above are repegs@rtheir most basic form as shown
below.

Attribute
(As Primary Key)

Entity Relationship

Weak Entity Weak Relationship Derived Attribute
| chia | > {  AGE )
Figure 4.1

Putting these components together, a simple E-&alia can be illustrated as follows.

SNAME @

N

Supplier Parts

Figure 4.2
The diagram represented above is composed of

e two entities, ‘Supplier and ‘Parts’,

e their keys are denoted by an underlined fields, SRN@APNQ

e the relationship between them is ‘Supplies’ whiglthie role that the supplier has with the
parts,

e the attributes of each relation and

e the functionality of the relationship such that mgasuppliers supply ‘many’ parts.
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The relation for the relationship ‘Supplies’ comitwo implied attributes SNO and PNO which
are traditionally not shown on the diagram and axhditional attribute that describes the quantity
(QTY) of the PNO supplied by the particular SNO.eTimplied attributes would combine to

represent a composite key {SNBPNG within the relation.

It should be noted that the process of designimgelh thought out E-R diagram will generally
result in a database whose relations will be fullymalized and the relvars that eventually
evolve from the entities and their relationships ba joined losslessly.

4.2 Extending the Entity Relationship Diagram

One advantage of the relational database mode¢@megented in the E-R diagram is that it
clearly relates the most salient aspects of thetientrelationships and attributes that make up
the database being modeled. A key element of thHe diagram is that it can be used to
communicate the database being modeled not judteoadministrators and practitioners, but to
end users as well. There is a tendency to over toatg the E-R diagram by injecting more and
more information so that it becomes extremely cacaptd and confusing. So there is a question
as to what is appropriate and what is too muckhdssymbology clear and intuitive and does it

represent the essential elements of the databagm@e

When the relational model is extended to includedbncepts associated with fuzzy set theory to
create an Extended Entity Relation (EER) diagrdns tjuestion must be revisited and given

serious consideration. Much has been written anggsed as to how best to represent a fuzzy
database in the entity relation diagram. The sestioelow describe some of these approaches

and concludes with the approach that seems mosb@gte for this research.
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4.2.1 Fuzzy Entity Relationship Considerations

An attribute may be inherently fuzzy or an attréoatay be crisp, but treated and used as a fuzzy
attribute. If an entity contains a fuzzy attribuig,the entity itself fuzzy or is the ‘fuzziness’
limited to the attribute? There are a number ofipaar characteristics associated with a fuzzy

data object. How can these characteristics be canuaed clearly?

4.2.1.1 Zvieli and Chen Approach

Zvieli and Cherf®” offered the first approach to the representatiofusty data. This approach

consists of three basic levels and is simple. jliep a fuzzy notation at the entity, relationship
and attribute levels as appropriate to differeatitiem from crisp components. The main
criticism of this initial approach is that it faite take into account the various ‘meanings’ of

fuzziness such as membership, importance and sdmh will be discussed in Section 4.2.1.3.

SNAME @
Supplier
PP m m Parts

Figure 4.3. The Zvieli and Chen Approach

As can be seen in Figure 4.3, fuzzy attributestbeEER components are recognized by the
inclusion of a fuzzy weight paired with the componh@ame. The attribute ‘COLOR’, for
example, is shown as an attribute with a ‘weight0® in the entity ‘Parts’. Such a weight could
represent the level or degree of importance ofGREOR attribute in the entity Parts. In this
instance, the weight of importance would apply ltoralues contained in the COLOR attribute
rather than be individually applied to each tuplstance within the relation as would otherwise

be the case.
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4.2.1.2 Chaudhry, Moyne and Rundensteiner Approach

Chaudhry, Moyne and Rundensteiné? proposed an extension to the E-R model that
incorporates the conversion of crisp data into yuzata by defining linguistic labels asfuzzy
sets over the universe of an attribute. Data coathwithin a crisp tuple is transformed into a
fuzzy tuple with a linguistic modifier applied tdha value and the degree of membership
associated with it. The, now fuzzified, entity epresented as a separate entity with its data

values stored or represented separately from the @presentation.

EquipmentNum

ActiveEquipment

NumberOfProcessesg

0

DBFuzzifier (NumberOfProcesses)

f EquipmentNum
ActiveEquipment ©

NumberOfProcesses

Il

Figure 4.4 — DB Fuzzifier Transformation
As shown in Figure 4.4, the specific number of pgses may be known. A piece of equipment
may have twenty steps to an assembly process dadt@y may have any number of such
machines. At any point in time, the database ntageghe actual number of processes taking
place. In a crisp database, a report may retumitiormation to the operator. A point in time
qguery specifying the predicate WHERE NUMBEROFPROGES = 10 might return only one
equipment number. But if the query were ‘fuzzifiegd’ communicate the request as ‘WHERE

NUMBEROFPROCESSES <is about> 10’, the query migitum 3, 4 or any number of

75



equipment numbers whose current number of procegassabout 10’. The question, then, is
what does ‘about 10’ mean? How would the resultlsetarrived at? And this would be a
guestion that the implementation team would neealdtdress. For purposes of an extended E-R
diagram, however, all that is necessary is to comoate the fact that there is an expectation
that crisp data will be fuzzified. Questions of wicand ‘to what extent’ would be left to the

implementation phase.

This particular contribution holds significant pris@ as research into the access and use of crisp

data within a fuzzy context is important.

4.2.1.3 Galindo, Urrutia and Piattini Approach

In 2006, Galindo, Urrutia and Piattini not only aelssed the confusion introduced by Ma,
Zhang, Ma and Chen, but introduced several newegadnherent in the use and application of

fuzzy data!*!

4.2.1.3.1 Fuzzy Attribute Types

Galindo et al proposed four fuzzy attribute typesch with differing characteristics. This data,

as represented in an EER diagram as attributedyecanoken down as follows.

42.1.3.1.1 Type1

Precise Data: Precise data is crisp data that eduzzified. For example, the crisp value held by
an attribute Height = 72 might be made fuzzy byapplication of the linguistic label ‘Tall’ and

assigned a weight of membership. Another exampightnbe a search for a 2 inch bolt. The
predicate ‘Where length = 2’ against a crisp datawsould return only bolts where length is, in
fact, ‘2. But the expectations and the concepthilge extended to ‘about 2 inches’ which might

return not only bolts with a length of 2 inchest hwose that were ‘about’ 2 inches with an
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appropriately applied weight of membership. Thisetyf data can be used to extend traditional

relational databases as fuzzy databases througlséhef crisp data as fuzzy.

42.1.3.1.2 Type 2

Imprecise Data Over an Ordered Referential: This dgpe can contain both crisp and fuzzy
data but is essentially an extension of Type lhm form of a possibility distribution over an
ordered domain. For example, “The vehicle weighsraamately 3,500 Ibs.” While the actual
weight may be known, the concept of approximatiparticularly when grouped with other

vehicles of approximately the same weight is sigaiit.

42.1.3.1.3 Type 3

Data of Discreet, Non-Ordered Domains With Analod@yiis data type represents the more
common concept of fuzzy data by dealing with dasdues that are similar, but by their
imprecision, not the same. For example, ‘BlondeByown’ hair each describes a similar color,
but while variations make the colors similar, theg not necessarily equal to one another. The
attribute type also lends itself to the possibititgtribution or degree of membership within the

set asicoLor‘Blonde’) = 0.6/Blonde.

4.2.1.3.1.4 Type 4

This attribute type is similar to Type 3, but rerasvthe requirement that the attributes be
evaluated based on their similarity. For exampleehicle may have a particular role within a
fleet of vehicles, but its role is not evaluatedhmiespect to its similarity or dis-similarity in

relation to other vehicles.
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4.2.1.3.2 Representing Fuzzy Attributes

The confusion inherent in the EER symbology prodidg Chen can be addressed by Galindo’s
suggested alternatives for the representation z#yfattributes and the type with which they are

associated™ The following table combines these two aspectsipfy data representation.

Type Representation

Type 1 Simple

.

Fuzzy attribute, Type in were € {2, 3, 4}
simple.

Derived fuzzy attribute ~ -----------

Figure 4.5
The following illustration presents a simple exaenpf these symbols in use with an entity. The
diagram illustrates an example of an employee yentbmposed of a crisp employee
identification number ‘EmplID’ attribute, a crispiéight’ attribute and three fuzzy attributes,
‘Age’, ‘Hair’ and ‘Eyes’ with their associated fugzlassification. Age is of fuzzy type T2,
imprecise data over an ordered referential. Hawofisuzzy type T3, which represents data of
discreet, non-ordered domains with analogy. Andajer is of type T4, which is similar to type

T3, but removes the requirement that the attribbé&esvaluated based on their similarity.
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EmpID

ENMDI NWVEF

T1:Height

T2:Age {young, mature, elderly}

T3:Hair {blonde, black, ginger}

T4:Eyes {blue, brown, green, hazel}

1990y

Figure 4.6

4.2.1.3.3 Representing Fuzzy Degrees

To this point, fuzzy attributes have been considiexe represent the degree of membership

within a fuzzy set. This representation is valid lmay be too general. It should be noted that

there are other, more granular representatiorisiotiegreé"®!

Membership Degree The membership weight designatedsis

Fulfillment Degree  The property that a certain attribute can fudirequirement to a degree
between two extremes is designa@d

Uncertainty Degree The property that we are certain that the vadyeasented is accurate. This
is designate@?.

Possibility Degree The measurement or degree that the value reypessas possible is
designateds®.

Importance Degree Different attributes can have differing levefsraportance. This

importance is designated @&.
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While the common expectation and standard is MeshierDegree, it should be considered
significant that if one degree type can be represkrother degree types can be represented for

the same attribute to give the representation evame depth and meaning.

4.2.1.3.4 How Degrees Are Assigned

A degree, whether it be membership, possibilityingportance must be assigned if the attribute
is going to have any meaning. This degree canrnesdrat in one of two ways.

Derived — A degree that is derived is determined basea faimction. For example, if the a bottle
is said to be ‘half empty’, the degree of membgrsbr the volume contained within a bottle is
determined based on the parameters establishedalpfull’ and the volume contained within

the bottle. This degree of membership can be catiedland a value assigned. For example:

0 when x = (
x /10 when 0 < x< 1C

half_full(x) = (20-x) /10 when 10 < x < 2 (4.3)
0 when x = 2

Non-Derived — A degree that is non-derived is one that has lessigned. The degree is
typically maintained as a crisp data value withive tdatabase and is returned with the

corresponding attribute value as its degree of nezghiip.

4.2.1.3.5 Fuzzy Entities

Entities can be fuzzy objects in much the same thalyan entity can represent crisp objects. The
distinction lies in the fact that a fuzzy entitylwpossess a degree of membership as an entity
whether its attributes are crisp or fuzzy. For eplana sub-type of ‘Vehicle’ may be ‘Truck’.
This sub-type may be a fuzzy data object as thaabcTruck’ may possess a weight of
membership in the truck class of 0.6. FormallyHdie a fuzzy entity and e be an instance of E.

Ve € Ewithi=1, 2, ....n, ug(g) € [0, 1]} (4.4)
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A fuzzy entity is represented by a box framed bgaghed line rather than a solid line. To
continue with the vehicle entity just describeds tlepresentation looks like Figure 4.7 as the
relationship model shows vehicle types ‘Automobdad ‘Truck’. There are a number of notable
aspects to this representation.

1. A vehicle has an ‘ISA’ (casually thought of as &9 relationship with the TRUCK class
(‘truck’) to a degree of membership, but the samebicle could also have an ISA
relationship as an AUTOMOBILE (‘automobile’) withnaappropriate weight of
membership. Simply put, a vehicle could be an aotmleanda truck, but to the same or
different weights of membership. This ability tosxn both domains at the same time is
significant.

2. It is further significant that an object’s existenin one domain will generally have no
effect on the object’'s existence in another. Ineotiwords, a vehicle’s existence as an
‘automobile’ is independent of a vehicle’s existeas a ‘truck’.

3. A weight of membership could appropriately be assthto the vehicle entity as a whole.

4. Both automobile and truck can have fuzzy attributestained within their list of
attributes. It should be noted that these fuzaybaties do not represent the fuzzy weight
of membership of the entity but only the weightneémberships for the specific attribute
data type.

5. Lastly, attributes considered to be specific to a@ss of asset may contain an
appropriate value or a fuzzy weight/value pair ttoait asset class. Those attributes that
arenot associated with the asset class may contain B allie for these same attributes.
For example, attribute TOW_CAPACITY contains a wabf 5,000 to reflect the asset’s

towing capacity. Towing capacity is particular toaks and generally not to automobiles.
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On the other hand, STORAGE_CAPACITY, or storageacdp, is considered specific to
automobiles rather than trucks and so no valueSTBORAGE_CAPACITY would be

assigned to the TRUCK class of this asset. Theepes of nulls in any relation is a

potential issue that must be considered.

— SR o
~

Vehicle
Vi \ ) MAKE
/ f(_‘\ MODEL
/ f" ‘-\ LICENGE
\:/

vy b————{ ) passencer_capaciy

! _ L (Y Tow_capacy
I

P S | e
‘ | iv:{ T2 ABILITY {Light, Medium, Heavy}
‘ 5/\%
gMig T2 SIZE {Eco, Medium, Largs)
At
VID MAKE MODEL LICENSE P CAP | T CAP | ABILITY S CAP SIZE
0.9/TruckB32¢ Ford F150 243-FRG 3 5000 0.9/Heavy
0.3/AutomobileB32¢ | Ford F150 243-FRG 3 350 06/Medium
Figure 4.7

4.2.1.4 Fuzzy Relationships
A fuzzy relationship describes a relationship bemventities to a fuzzy degree of membership.

Figure 4.8 describes the relationship of properies one another.
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Figure 4.8
In Figure 4.8, a property is a crisp entity witHuazzy attribute ‘Type’ which determines the
weight of membership of the property in the Typeziu class. The properties, however, are
situated in proximity to one another to varying e&s. This proximity can be in ‘Proximity’ to

any number of properties with possible values el ‘far’ or ‘adjacent’.

4.3 Aggregation

The definition of the word ‘aggregate’ is to ‘groupyet, the word has several very specific
meanings with respect to modeling entities, thelmtronships and queries.

4.3.1 Aggregation in Extended Entity Relationship Models

Aggregation in EER modeling is used to simplifygemeralize the model by grouping related
items together. At a high level, and within a coexptelational model, related entities might be
aggregated and represented by a single, generaitéyg. For example, an entity ‘Vehicle’ may
contain its own attributes, but also be compriskeahy number of ‘sub entities’ such as ‘engine’,
‘radio’ or ‘chassis’. This complex object might gride represented as the ‘Vehicle’ entity within

the relational model. At the lower level, attribait@ight be aggregated for a similar reason. For
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example, a person’s street, city, state and zipe amight be aggregated or generalized as
‘address’ in the model while the actual tables\a=tifrom this model, would hold the specific

attributes that make up the address.

4.3.2 Extending Aggregation to Accommodate Fuzzy Data
Aggregation within the data model is particulargpiortant for the communication of those

aspects that comprise the fuzzy attribute or entity

. w
i VY ?/1 éﬂ;:—-;
™ T3 EXPERIENCE {Low, Medium, High}
£ % T2 ABILITY{Low, Medium, High)
{ 1 G?{experience, ability}
d ~-

Figure 4.9.
Figure 4.9 illustrates an example of an entitytnetpa flight crew member’s Crew ID, their job
and the aggregation of two fuzzy attributes, Exgreze (type 3) and Ability (type 2) along with a
third, derived attribute that constitutes the ‘gradf the crew member’s qualifications. Here,
grade is degree {Guncertainty. How certain is the assessment otte& member’s experience
and ability? An additional degree could be appfEdtype G, importance. How important is the
degree of experience or ability of the individualdatheir position? One might assume that a

pilot’s ability and experience might be of a higltsgree of importance than the steward staff

crew member.
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The grade for experience and ability is an aggeshagrade. The grade,’Grepresents the
combined fuzzy weight of membership between expedeand ability giving the entity &uple

weight of membership’ in relation to other Crewlag

As can be seen, the representation of a fuzzybatérior attributes can get quite complex and
convey significant information from a number offdrent perspectives. The tools illustrated here
provide an example of how this information can bewveyed. It is up to the database designer to
determine which tools to use and to what extenedasn the needs of the system under
development.

4.4 Relation Valued Attributes

In 1989, C.J. Date proposed that a relation cowdtain attributes that are, themselves,
relations®? He called these attributes Relation Valued Attd@isu(RVA). Typical attributes
possess relatively simple characteristics suclnéeger’ or variable length character strings, but
a relation valued attribute can be comprised aégatsand variable length strings within the
same attribute. In fact, it can contain any comtiomaof base attribute types. Representing this
attribute type in a relational model is relativeiynple as relations have already been defined. It
is a fairly straight forward extension of the entielation diagram to incorporate the symbology
of the RVA into the more complex entity relation.

4.4.1 Crisp RVA

Like any relation, an RVA is composed of attribut€sese attributes are then consolidated into
a single relation valued attribute. Figure 4.100beshows an RVA labeled SUPPLIED_PART

which is composed of two attributes, PART_NO and AQJITY. As an RVA,
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SUPPLIED_PART represents a single attribute withi entity Supplier_Part. As a result, the

entity Supplier_Part has a degree of five, not six.

SNO

o

Supplier_Part

SNAME

STATUS

CITY

SUPPLIED_PART
- PART_NO

- QUANTITY

@c@é

Figure 4.10

Table 4.2 below illustrates what the data wouldkltike if the entity were developed within a
relational database. Note that the cardinalityhef table represented by this example is 2 and,
again, the degree is 5. The RVA represents a singlance of the attribute contained within one
relation whose relvar is itself composed of twailatites. The tuples contained within each of

these two records attribute exist only within threspective tuple instance attributes.
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SNO SNAME STATUS | CITY SUPPLIED PART

S1 Acme 10 Londorl PART NO QUANTITY
P1 200
P3 150
P4 300

S2 | Breeze Mastdr 30 Athen. PART _NO | QUANTITY
P1 200
P2 180
P5 200
P6 145

Table 4.2

Date argues that because the relation containddntite RVA isencapsulatedvithin a single
attribute, the attribute is merely of an arbitsardomplex domain and as such satisfies the
requirements of First Normal Forfif!

4.4.2 Using RVA’s to Represent Fuzzy Data

One of the criticisms of the representation of fudata as individual attributes within a relation
is that the fuzzy degree of membership is not maysi ‘bound’ to the value to which they are
associated. In other words, if a value’s degreemembership is contained in one attribute and
the value itself is contained in another, it is gbke for one, the other or both to be excluded
from a result set or ordered in such a way thattheno obvious association between degree of
membership and value to the user. Because a melattued attribute contains all of its
associated attributes within its well defined stuoe, RVA's are well suited to the representation
of fuzzy data. A fuzzy attribute represented byRAfA contains not only the value itself, but any
number of fuzzy degree of membership. And, bec#élusattributes contained within the RVA
are all ‘bound’ within the RVA, they cannot easllg separated or disordered. The following
example of an RVA containing fuzzy data involvetheeat assessment database with multiple
threats and multiple sources of information. Irstekample, the entity THREAT is fuzzy while

having a crisp primary key as the threat identtfcca number or TID. Two crisp attributes
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provide basic information about the threat suchNAME and the GPS_COORD as the location
of the threat. The overall threat level of the ®nis maintained at the entity level, not at the
attribute level. The threat level in this examgederived’ or determined to be a value calculated
through a function or aggregation using other systiata. As such, it is not a physical attribute
within the tuple and is not shown as an attributehie relation’s ER diagram. This being the
case, the overall level of the ‘Threat’ is HIGH, IEJM or LOW to a determined degree. This
point is significant. Up to this point, a weight miembership has been significant within a tuple
or used to discriminate among the same attributether tuples of the relation. This example,
however, illustrates how a tuple can have a ‘tuplde’ weight of membership within the
relation and sorted based on this tuple weight emimership among other tuples. The TID is
assigned and crisp. The relation valued attribu&SBESSMENT has one crisp attribute to
represent the groups of general information souaseSOURCE_TYPE and three fuzzy degree
of membership types, MEMBERSHIP, CERTAINTY and IMRTANCE. By including an
RVA rather than storing the information in separasbles, two important things are
accomplished. First, a degree of membership far thivieat can be associated with the threat at
the entity level. In this way, each threat coulddisplayed in order of the threat’s membership in
any of the threat classes. The second benefitisfapproach is that multiple perspectives of
‘membership’ such as degree of membership, ceytantd importance can be related through

the data. The EER diagram might look somethingtliieeone shown in Figure 4.12.
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MricH (THREAT)

. Threat

TID

!

e g

NAME

GPS_COORD

SOURCE_TYPE

MEMBERSHIP(G®)

CERTAINTY(G?

IMPORTANCE(G*)

Figure 4.11

A representation of the table structure and somgpkadata for the entity ‘THREAT’ is shown
in Table 4.3. TID, NAME and GPS_COORD are represgirats one might expect. The relation
valued attribute ASSESSMENT, however, containsf@lir ‘sub-attributes’ described by the
EER diagram. The cardinality of this relation i®2 there are only two threats reported in the
result. The degree of membership of this relatsoh since the threat level representegify, is
derived and displayed as an attribute or columhoalgh it has no physical domain in the
underlying table ASSESSMENT is represented as an RVA and is condpasthin a single

attribute.
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Notice that because the attribute ASSESSMENT isR&fA, the attribute can contain any

number of records, SOURCE_TYPES, for the base Tilet Records contained within the

RVA must adhere to the same relational constrastany base relation.

4.4.3 Fuzzy Attributes as Relations

As can be seen in the preceding section, it coaldrgued that as relation valued attributes, a
fuzzy attribute is itself an entity or a relationstand could very possibly be represented as a
relation. Consider the following example based lom Threat Assessment example above. The
RVA composed of the attributes SOURCE_TYPE, MEMBERS CERTAINTY and
IMPORTANCE can be mapped in an E-R diagram asaioaiship between the entities Threat
and SourceType. The weight of membership betweertvilb entities is contained within their
relationship. As a result, it could be argued tihat threat assessment example shown in Table

4.3 is nothing more than the join of the two easitvia their relationship as described by the E-R

diagram shown in Figure 4.12.
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HucH | TID | NAME GPS_COORD ASSESSMENT
0.54 003 A 35 51.052/
Threat 78 53.163 SOURCE_TYPE | MEMBERSHIP CERTAINTY IMPORTANCE
Informant 0.60 0.90 1.00
Email Traffic 0.48 0.75 0.70
Phone Traffic 0.39 0.68 0.75
0.48 004 B 45 32.016/
Threat 81 30.094 SOURCE_TYPE | MEMBERSHIP CERTAINTY IMPORTANCE
Informant 0.54 0.83 0.94
News 0.49 0.84 0.83
Outside Analysis 0.46 0.84 0.83
Phone Traffic 0.41 0.63 0.70
Table 4.3
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The tables resulting from this approach are showalovib in Tables 4.4a through 4.4c using the

same sample data provided in Table 4.3 above.

MHIGH TID NAME GPS _COORD
0.54 003 A Threat 35 51.052/
78 53.163
0.48 004 B Threat 45 32.016/
81 30.094
Table 4.4a
TID | SOURCE TYPE | MEMBERSHIP | CERTAINTY | IMPORTANCE
003 | Informant 0.60 0.90 1.00
003 | Email Traffic 0.48 0.75 0.70
003 | Phone Traffic 0.39 0.68 0.75
004 | Informant 0.54 0.83 0.94
004 | News 0.49 0.84 0.83
004 | Outside Analysis 0.46 0.84 0.83
004 | Phone Traffic 0.41 0.63 0.70
Table 4.4b
SOURCE TYPE
Informant
Email Traffic
Phone Traffic
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News
Outside Analysis

Table 4.4c

In order to provide the data in a structure simitathat shown in Table 4.3, however, these three

tables must be joined. Such a representation isrshotable 4.5.

Muice | TID NAME GPS_COORD SOURCE TYPE MEMBERSHIP CERTAINTY IMPORTANCE

0.54 003 A Threat] 3551.052/ | Informant 0.60 0.90 1.00
78 53.163

0.54 003 A Threat] 3551.052/ | Email Traffic 0.48 0.75 0.70
78 53.163

0.54 003 A Threat| 35 51.052/ | Phone Traffic 0.39 0.68 0.75
78 53.163

0.48 004 B Threat] 45 32.016/ | Informant 0.54 0.83 0.94
81 30.094

0.48 004 B Threat] 45 32.016/ | News 0.49 0.84 0.83
81 30.094

0.48 004 B Threat] 45 32.016/ | Outside Analysis 0.46 0.84 0.83
81 30.094

0.48 004 B Threat] 45 32.016/ | Phone Traffic 0.41 0.63 0.70
81 30.094

Table 4.5

Note that the representation shown in Table 4.5atos a great deal of redundancy. Such
redundancy is common when tables are joined, lutdpresentation in Table 4.3 eliminates this
redundancy. Further, the encapsulation of the fuattyibutes within the RVA attribute
ASSESSMENT is lost along with the direct and inugtassociation these attributes had with
their source type in Table 4.5. It should also béed that Table 4.5 has a degree of 7 and a
cardinality of 7 as compared with the RVA repreagah in Table 4.3 that has a degree of 5 and
a cardinality of 2. Given these factors, the def@esentation illustrated in Table 4.5, as is often
the case with joining tables, is not in third notrfam (3NF) where the RVA representation
illustrated in Table 4.3 is giving the implemendatithe option of storing the data as the RVA
representation or within separate tables dependmghe access and maintenance preferences
inherent in the system’s design. Table 4.5 doeshaweé this luxury of choice and would, out of

responsible necessity, exist only as separatestable
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And yet, it could be further argued that any fuzegights of membership were nothing more
than the representation of a relationship betwe®sn entity and another entity representing a
characteristic in question. Consider a ‘Suspecttitenand any number of descriptive
characteristics such as HairColor, EyeColor or Heigith the various relationships respecting
weight of membership between them. The question theshould fuzzy attributes structured as
RVA'’s be included as attributes within a singleateEn or broken out as a separate relationship
and maintained as its own relation? The answageims, is; it depends. The point is, there are

options.
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Chapter 5 - RVA as a Constraint to the Representation of
Fuzzy Data

5.1 Introduction

The preceding chapters discussed the theory bebaid fuzzy data and relation valued
attributes. This discussion has described the reopgints necessary for the representation of
fuzzy data. This representation requires both sscdad a weight of membership to represent the
fuzzy data value. Both of these attributesist be provided in a result or neither should be
provided. In other words, the atomicity of fuzzytalaequires both attributes or neitfétThe
relation valued attribute (RVA) provides a solutidine RVA is an attribute and as an attribute
can be included or excluded from the selectionipedd of an SQL query. But the domain of an
RVA is a relation that is well suited to contaire ttequired ordered pairs of attributes associated
with a fuzzy data value. Encapsulating the relatiathin the attribute of an RVA data type
without direct access to the relation's membersiressthat neither the class nor the weight of
measurement can be addressed specifically forsimiuor exclusion from an SQL query and

thus ensures the atomicity of the fuzzy data value.

The purpose of this research was to design, impiered study a database system that, for the
first time, not only supports the use of fuzzy datthin a relational database system, but does so
through the use of relation valued attributes whigth enforce not only the generally accepted
capabilities and constraints established for aibate by the relational model, but also provides

additional capabilities and constraints specifith® use and maintenance of fuzzy data.
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This chapter will address the considerations aniageh taken to design and implement a proof

of concept implementation of a relational datah&seg an RVA data type to support fuzzy data.

5.2 Design Considerations

5.2.1 Metadata Considerations

Implementations of the relational model store matadchbout tables, rows, columns, indexes,
types, and constraints in system tables that cagubeed?®® Extending the relational model to
include fuzzy data requires that fuzzy metadatinbkided and accessible in some form within
the system. The fuzzy RDBMS, the database admanistrand the application developer will all

use the metadata to work with defined RVA data sype

5.2.1.1 Database Design Considerations

The implementation of a relation valued attribute an extension to the structured query
language (SQL) requires an approach that will altbev RVA to be maintained at the physical
level and a modification to the associated datandein language (DDL) to support the creation
of an RVA data type. At the logical level, consia#wn must be given to the data manipulation
language and whether it will require modificationprovide the user with the ability to retrieve

and manage the data within the database.

5.2.1.2 Approach Considerations

Two basic approaches were considered in the deditire RVA. Each approach was considered
given the constraints and capabilities of the chadevelopment environment provided by the

open source database system MySQL.

The first approach was to create a table withiabdet In theory, this approach seemed plausible.

In fact, the database system and the databaseesngiavided in MySQL already had many of
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the features thought necessary to the implementatichis approach® The second approach
considered was the creation of a new type of atteiban RVA attribute that would contain the
metadata associated with the relation valued at&ilsuch as the table, the key to the table and
the attributes desired within the relation. Usihg tnformation contained within this attribute,
the relation associated within the RVA could benideed and the data associated with this

relation nested within the result of the callingegu

The following sections discuss the these two apgres in detail and conclude with the reasons

why the second approach was chosen for implementati

5.2.1.2.1 Creation of a Table Within a Table

Creating a table within a table to support the Enpéntation of RVA's adds a particular

challenge to the storage, organization, indexindyraanagement of the underlying files. RVA's

require their own storage, indexing and query sgias just as is the case with the higher level
nesting relation. To compound the complexity, eaththese housekeeping tasks must be
inextricably associated with and linked to the mestelation. For example, in order to access a
value from a component contained with an RVA, thsetimg relation must first be considered so
that the query can efficiently access the compaehthe associated nested relation. Inefficient
storage and indexing strategies would lead to patabase performance when using an RVA of
this type. This section looks at some of the mamamon file storage, index and query methods

and how they might have been applied to attribotesaining relations.

There are a number of different approaches tottrage and indexing of database objects at the

physical level. Given the nature of RVA's, howewexfra consideration needs to be given to
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such a design. While there are certain circumstandere an RVA will have one and only one
record, the likelihood is that it will have moreath one. Not only would the base table be
expanding and contracting as records are insenidddaleted, but in the case of RVA'’s, would
the nested relation. So, as a relation within ati@h, the RVA may be seen as separate from its
base table, but inextricably linked to the baseletadnd at the tuple levell Given these
characteristics, reading, writing and maintainingable containing an RVA in secondary
memory would require special consideration and es@ne limitations. The following section
reviews the more common approaches to databaseafie their associated page abstraction at

the physical level and looks at some of the adyeg#and disadvantages of each.

5.2.1.2.2 Fixed Length Records

The simplest database file format is a fixed lengttord written to disk using a collection of
pages>¥ Using a fixed length file format for the base tabt the RVA would be an appropriate
approach if these two were separate tables, bytdhe not. The RVA is contained within the
base relation and both the base relation and th& ®Y multiple RVA's) may have a variable
number of records inserted into and deleted froemtlvhich, while fixed in length, will likely
result in a true record of frequently changing kand\s a result, this approach was dismissed as

a viable option.

5.2.1.2.3 Variable Length Records

If the tuple containing an RVA is a variable leng#icord, the page contained on the disk cannot
be divided into a fixed collection of slots. Ingde¢he database’s disk space manager will need to
find free space of an appropriate length to accodatethe complex tupl! As data is added

to this record within the complex data structutes allocation of space becomes of critical
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importance. The task of disk management of varildrigth records can be accommodated using

a slot directory containing record offset and reldength pairs for each slot.

The offset is essentially a pointer to the starthef data record and, as records are deleted the
offset is set to -1 to indicate free space. Mamiw the variable length records laying end to
end, a pointer maintained by the slot directorytes the offset of the area of free space where
new records may be written. If a record is tooéaiq fit into the remaining free space, the page
may be reorganized and defragmented to free umtigoous block of free space sufficient for

the record’s needs or the record would be writtethé next page in sequence.

5.2.1.2.4 Variable Attribute Records

The challenge with RVA's is that they are relatiofs relations, rather than individual ‘simple’
attributes, they can be composed of a relvar ofj@ifgcant degree and cardinality. In a sense, a
relation valued attribute is ‘variable’ in both ggh and width as well as composition. As a result,
neither the simple fixed length record layout neere the variable length record layout is
appropriate to the requirements of an RVA.

In order to illustrate the physical implementatiohan RVA within a base table, consider a
simplified version of the supplier/parts databakews in Table 5.1. There is a base table
consisting of three attributes, SID, NAME and SPARIID and NAME are standard data types.
Attribute SPART is an RVA and as such consists afeated relation consisting of its own

attributes, PID and QTY.
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SID NAME SPART
011 Acme PI1D QTY
010 200
023 150
030 253
025 | Breeze Master PID QTY
010 200
049 180
060 206
072 145

Table 5.1 — SUPPLIER
Query 5.1 below outlines how the query languagehinilze modified and used to create the
structure of the SUPPLIER relvar with the nestedcttire SPART:
Create Table SUPPLIER

(
SID Integer Primary Key

NAME  Char(25)

SPART RVA (TypeSPART
PID Integer Primary Key
QTY Integer

)
);

Query 5.1 — SUPPLIER Data Definition
The structure of the SUPPLIER table contains tledd fiSPART that is typed as an RVA
referencing the structure SPART that was previodslined in the database. SPART is defined
as a relation and with the part identification ne@mBID designated as the primary key. Once the
table has been defined, the technical charactsisfithe table provide the structure to the RVA.
A potential issue with this approach is that datéi@hary structures are subject to change. If, for
example, a part NAME were added to the SPART tatrlecture, how would this change affect
existing instances of SPART that were based owtiggnal incarnation of the SPART structure?

In theory, every instance of SPART associated wiSIUPPLIER tuple will need to be modified
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to accommodate the underlying structural changeS®1y provides such a tool in its ALTER
TABLE function, but this tool would need to be mibelil to accommodate not just the nesting
table alteration, but the nested RVA alterationweedl. This task would not be insignificant.
While this approach shows some promise as it gavesll defined and re-useable structure to
the RVA attribute, there is a necessary requirerteentodify not just the table structure and the

attributes, but to modify the underlying SQL fuocts as well.

Figure 5.1 shows how the supplier table structuighinbe created with reference to an
associated RVA table structure SPART. The B-Tremgde and the sample data representation
shown suggests only one method of how the datatnhighaccessed using a sample qligty.
Note that a pointer from the base table SUPPLIERSsex] to access the SPART data area. RVA's
used in this way will consist, essentially, of mangtances of their referenced table. In other
words, there may be many instances of the SPARIE &bsting in memory with each instance
potentially consisting of many records. So the tjarsmight be, how will the SPART instance
associated with each tuple be accessed? One obappursach is to include a pointer to each
nesting table’s defined RVA instances. In fact, otber approach seems plausible. Further

research and analysis, however, may uncover otissilgle approaches.
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SUPPLIER-SID

[10] | 20]| o]

||z||4||e||s|| L2z [ 1a] [ 16[ 18] |
B ||3 ||5 ||7 ||9 | {12 |[a2 |[15 |[27 ||ae |
System Table: PTR SID NAME
Create Table SUPPLIER | |
( |1FBZ |011 |ACME |

SID Integer
NAME Char(25)
SPART RVA (Create Table SPART
PID Integer Primary Key
QTY Integer

Primary Key

SUPPLIER-SPART-PID

»{ J100] [200] | 30 |

|| 20l | 40| [eo] Jso | |

SQL Query:
SELECT QTY
FROM SUPPLIER
WHERE SID = 011"
AND SPART-PID ="307;

| 10|[s0 |50 |[70 | |0 |

PTR SID

Figure 5.1
In another slightly more complex example, reconside threat assessment database from

Section 4.4.2. Table 5.2 below provides a reviewhisf table.

Much | TID NAME GPS_COORD ASSESSMENT
0.54| 003 A 35 51.052/
Threat 78 53163 SOURCE_TYPE MEMBERSHIP CERTAINTY IMPORTANCE
Informant 0.60 0.90 1.00
Email Traffic 0.48 0.75 0.70
Phone Traffic 0.39 0.68 0.75
0.48| 004 B 45 32.016/
Threat 81 30.004 SOURCE_TYPE MEMBERSHIP CERTAINTY IMPORTANCE
Informant 0.54 0.83 0.94
News 0.49 0.84 0.83
Outside Analysis 0.46 0.84 0.83
Phone Traffic 0.41 0.63 0.70

Table 5.2
The dependencies between the attributes contairtbthvithe RVA relvar are inexorably linked
and have been minimized. Each tuple instance o& datntained within the attributes

SOURCE_TYPE, MEMBERSHIP, CERTAINTY and IMPORTANCEmot be separated
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without losing information and there is no logidateak’ between them. As a result, the data

model defined to contain ASSESSMENT might exist atinimum as follows:

MEMBERSHIP IMPORTANCE
SOURCE_TYPE CERTAINTY

Figure 5.2
At this point, each additional instance of ASSES®MEcould either be set end to end within
contiguous blocks in memory as fixed length recadsa pointer might be assigned a value to
the next instance within the physical structuréhefattribute. But this is a design question that i
answered for standard tables as well as for RVAames. As was the case with the supplier
database discussed earlier, a pointer from theretsteon would likely be a requirement. Putting

an example together, the data in threat TID 00Sitr@pk something like the following:

Ptr HricH TID NAME GPS_COORD

N | |
m@ 0.54 003 A Threat 35 51.062/78 53.163

7

MEMBERSHIP IMPORTANCE
SOURCEl_TYPE CERTAINTY
|
Informant 0.60 0.90 1.00
Email Traffic 0.48 0.75 0.70
Phone Traffic 0.39 0.68 0.75
Figure 5.3.

The data dictionary tables contained within the $¥B| table space would provide the address
of the THREAT table. The database would then acagsarticular record by the primary key.
All ASSESSMENT records would be accessed usingtheter contained within the THREAT

record. The challenge to using RVAs, even in tieisnsingly straight forward way, is how the
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data dictionary table would need to be modifiedetitect the added structural features contained

within the RVA.

5.2.1.2.5 Indexes and RVAs

Performance of database queries and operatiorggeaty improved through the use of indexes.
Indexes are files containing ‘data entries’ andrtparticular key search criterkadenoted ak*.
Each data entry contains enough information taieffitly locate an associated record’s location
given its record identification number or ‘RID’. aRakrishnan and Gehrke suggest that there are
three general options for indexes to be structaretiused® Specifically:
1. A data entryk* is an actual data record with a search key value
2. A data entry is a ks rid> pair, where rid is the record id of a data recerth search key
valuek.
3. A data entry is a k rid-list> pair, where rid-list is list of record ids of datecords with
search key valuk.
If a data file for employees calleemployege contains four fields EID (for ‘employee
identification number)NAME, AGE and SALARYwhere EID is a key, an index file may be
created for the employee field EID to support &t query and data access to the records held
within the table’s data file. This file would hawn entry for every employee identification
number with information related to the EID recordeg one of the three options outlined above.
It should be noted, however, that the employeeetalmuld only have one index file on field
EID. And, repeating the point above, this field Wbgontain a column for every EID in the
employee table. RVA's, however, are themselvediogia. Each instance of an RVA within a
nesting table is a table unto itself. If one werddllow the index file strategy outlined so far,

each RVA instance would have its own index filekamy attribute(s). In the threat assessment
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example outlined in table 5.2 above, an indexrilgy be created on SOURCE_TYPE so as to
increase query and table maintenance efficiencthenkey attribute of the threat assessment’s
RVA ASSESSMENT. Within the limited confines of te&ample, maintaining these index files
and their data may not be a significant task. Bat world tables are far larger, containing many
records and the maintenance of each index creatsdgport of each RVA instance would be

overwhelming.

5.2.1.2.6 Data Definition Language for RVAs

Creation of a relation containing one or more RVAsa multi-step process and the data
definition language needs to be extended to allmwhe complex metadata inherent in an RVA.

The first step is to create the relvar for the R\CAeating the structure of this relvar will include

the data structure of the relvar in the data dnarg to include any other existing table or RVA.

By creating a reference structure, all attributgsta types and constraints applicable to the
structure will be assigned and enforced on the ¢texnRVA type attribute. For the purposes of

this example, create an assessment structure cABSESS STRUCT. This structure is an

included structure and will not, itself, containyashata. As in included structure, tables can be
provided with their complex characteristics mucle ame way that an attribute derives its
characteristics from a domain.

CREATE TABLE ASSESS STRUCT

(
SOURCE_TYPE CHAR(25) PRIMARY KEY,

MEMBERSHIP DECIMAL(3,2),
CERTAINTY DECIMAL(S,2),
IMPORTANCE DECIMAL(3,2)
);
Query 5.2 — ASSESS_STRUCT Data Definition
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Once the RVA's relvar is created, it can be inctl@s the structural relvar for an RVA in the
table THREAT. The structure field SOURCE_TYPE e&signated as the Primary Key. Each
RVA structure, like any base relation structure strhave a designated primary key. The values
contained in any table created from this structuoeild have this key attribute and must be
unique within the RVA for each base relation tufpler example, the ASSESSMENT RVA can
only contain one ‘Informant’ source type for eass@iated THREAT record. As with any base
relation, dependencies and normal form constrawisd be adhered to. Using data type ‘RVA’

includes the referenced structure as the underflgmgat for the attribute.

CREATE TABLE THREAT

(

TID INT(4) ZEROFILL PRIMARY KEY,
NAME CHAR(30) NOT NULL,
GPS_COORD CHAR(30),

ASSESSMENT RVA(ASSESS_STRUCT)

);

Query 5.3 — THREAT Data Definition
By assigning the data type RVA to the base table,things occur. First, the RVA takes on the
complex structure of the data object it refereneghout having to define the object within the
‘CREATE TABLE’ SQL. Secondly, the use of the RVAtdaype tells the data dictionary to
include a pointer from the base relation to the Ra#ssociated data.
5.2.2 Creation of a Nesting Function Between Tables
When Date introduced his theories concerning mtatalued attributes, he described the state of
the tables comprising the RVA as being in a nesteah unnested stdf€! In their nested state,
the data and the comprised tables combined toeci@atingle, nested relation similar to that

shown in Table 5.1. In their unnested state, theprsed tables exist as independent entities.
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They are related, but exist independent of eackroffor example, consider the supplier/parts
relation illustrated here again as query 5.1 shbelow:

Create Table SUPPLIER

(
SID Integer Primary Key

NAME  Char(25)

SPART RVA (TypeSPART
PID Integer Primary Key
QTY Integer

)

Query 5.1
The result of this query is the creation of a tabéhin another table to create a single,
inseparable entity. Compare this to the followiegresentation of an unnested version of this
entity consisting of two independent tables:

Create Table SUPPLIER

(
SID Integer Primary Key

NAME  Char(25)
SPART RVAChar(125)

);
Query 5.4 — SUPPLIER Data Definition

Create Table PART
(

SID Integer  Primary Key
PID Integer  Primary Key
QTY Integer

)i

Query 5.5 — PART Data Definition
Just as the case of the threat assessment exaeguebed in 2.1.2.4, two individual tables are

created.
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SID NAME SPART
011 Acme @Table:SUPPLIER@Key:SID@Fields:PID, QT)Y
025 Breeze Masterp @Table:SUPPLIER@Key:SID@Fields:RITY

Table 5.4 — SUPPLIER

SID PID QTY
011 010 200
011 023 150
011 030 253
025 010 200
025 049 180
025 060 206
025 072 145

Table 5.5 - PARTS

Unlike the approach shown in Section 5.2.1.2.4h bables have a common field SID which acts
as a primary key in Table SUPPLIER and a compooéthie composite key in Table PARTS.
There is no pointer in this table structure. Eaabld is created, populated and maintained
independently of the other with the exception édr@ign key relationship to ensure that no parts
are added to the PARTS table for which there ismgplier. The value shown in RVA field
SPART is explained in detail in Section 5.3.1.2.eBthing in the example thus far is
accomplished using existing SQL functionality. Neewn index algorithms or storage
functionality is required. Standard SQL constrairdse enforced without any system
modification. It is only when the two tables aresteel that new functionality is introduced in this

approach.

The only changes to the SQL processing at thistp to create the new data type and the
nesting process along with the process strateggssacy to initiate nesting of the two separate
tables. In this way, the vast majority of MySQL'ative functionality and features can be

leveraged with a minimum of modification to the e@rocesses.
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5.2.2.1 Considerations for Selecting the Normal State

If the normal state of the relation was to be tlsted state, then the development efforts
associated with the RVA type would need to focughencreation and maintenance of a nested
relation within an attribute. Additional functiomg would need to be developed that would
provide the ability to unnest the relation from #it&ribute to create an independent relation. In
fact, early development efforts pursued this apghnand an effort was made to physically create
a table within a table. It was soon learned, howetat MySQL was designed and written to
prevent developers from doing this very thing. Wherble is being created in MySQL a lock is
placed on the table being created that precludgstrer tables from being created within it at
this point™® To change this functionality would have far reachand potentially unpredictable

ramifications within the MySQL process.

On the other hand, if the normal state of the i@tatvere to be the unnested state then the
relation could be created and maintained outsidéhefnesting table using existing MySQL
functionality and the development efforts couldusmn the nesting functionality necessary to
encapsulate the values contained in the relatidhinvihe attribute. In this way, a table could be
created with attributes and constraints with bailmary and foreign keys assigned just as with
any other table in MySQL. This approach was seépeasy highly advantageous because there
was no reason to reinvent functionality that alyeadisted in MySQL. The problem, then,
resolved to be only one; how to nest the nestegtioal as an attribute within the nesting

relation?
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5.3 Design Features of the RVAChar

Given the advantages of maintaining the RVA aspmaisde table, it was determined that this
approach was to be taken. As separate tables,thethesting and the nested table could be
created, maintained and populated separatelyzingliMySQL's native capabilities. But still, the
problem remained; how and when should nesting pédee.
5.3.1 The ‘How’ and ‘When’ of it
There are two steps to solving the problem of waed how to nest the RVA's relation within
the result set of a query. The first step is t@at@ea new data type called an ‘rvachar’. This new
data type has knowledge embedded within it such thlaen used in a query, it provides the
information required to access and nest an RVAiwithe nesting relation. Once the state of the
relation has been determined the second stepfigure out how this nesting will take place,
under what circumstances and when will the nestikg place?
5.3.2 The Knowledge Contained Within the RVAChar
The rvachar data type has knowledge embedded witthifhis knowledge is composed of a
string of three parts which act as tokens whersttieg is parsed. For example:
@Table:v_type@Key:vid@Fields:class,weight;
The 'Table' value is the name of the nested taddeaated with the attribute. The 'Key' value is
the common key shared with the nesting table. Téeik the nested table may have a foreign
key relationship with the nesting table but the RM&y only require an abbreviated version of
the nesting table's key which is why it is spedifigithin the knowledge string. The 'Fields'
component in the value specifies the attributediwithe RVA that will be contained in the
result. In this way, the RVA is suitable not onbtyr use with the specific requirements of fuzzy

data, but of any relation that the database desigm@ses to include in the RVA's result. In this
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way, the designer is free to specify only thoselattes she determines to be necessary to her
needs. When declaring an attribute of the rvachta type, the attribute is created as a field that
is not null and with a default value consistingtleé knowledge string that is set at the time of
creation. Because this value is the default, theevavill be set each time a new row is added to
the table and this value will be the same for radtances of the field. Once the field has been
created within the table and a default value agsidor all instances, it can be maintained as any
other table. The field can be deleted, createdt@@diefault value can be viewed or changed by
using MySQL’s standard ‘modify’ or ‘describe’ comnth But the ‘knowledge’ value of the
rvachar data type field cannot be returned astresing a select statement. This prohibition is
because data types in MySQL are defined as objattisnethods. When an attribute defined as
an RVA data type is included in the selection afuery, the knowledge contained within the
attribute is first selected using the data typea$ str() method. This method extracts the
knowledge contained within the initial value reiee and uses this knowledge to nest the
relation specified within the base nesting tabls. &Aresult, the relation contained within the
RVA attribute is returned with the result rathearithe knowledge value used to obtain and nest
it. Theval_str()method operates as the nesting function for th& B¢

5.3.3 How the 'Knowledge' Works

When a query is made against a table containinB\aA attribute, the MySQL parser builds a
complex tree structure called a 'thread' to conddlirof the tokens extracted from the query as
well as the network, client and buffer specificaiagequired to successfully execute and return a
result to the client. Once the thread is populatgd the query's tokens, MySQL begins the task
of collecting the data that satisfies the querye ©hthe first steps in the collection of datads t

obtain the value of the RVAChar specified in theLEET predicate. The first time that the
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thread attempts to obtain the value associated telRVAChar attribute the process enters the

RVAChar class methodval_str() which accepts as parameters values containingtigenal

query string, the knowledge contained within the AR¥ttribute and all the information

necessary to take control of the original querye Tdllowing is a summary of the steps taken by
this method to obtain and return a result satigfyire requirements of the original query as well
as the specified relation nested within the ré&ult

1. The query processing enters rvachar methadstr().

2. The original query string is saved in a variable.

3. The rvachar value is saved in a variable.

4. Using the knowledge contained in the rvachar vatue original query string is syntactically
modified to join the nesting and the nested tables.

5. A new thread is created and initialized.

6. The new query is assigned to the new thread elemsng thebuild_query()method. This
method takes the knowledge contained in the RVAibate's value and, using the
information contained in the original thread's pagsstructure creates a new query that will
be sent back through they MySQL parser in the reeat.

7. The new thread’s memory root variables are ingedi with appropriate block and memory
size allocations.

8. The network or ‘net’ values from the original thdeare assigned to the new thread. This step
is important because the network and portal settarg the door through which the original

guery came and where the result must be returned.

" Full code for theval_str()andbuild_query()methods are provided in Appendices C and D.
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9. The query buffers are initialized with the new qukeing assigned to the ‘buff’, ‘read_pos’
and ‘write_pos’ variable assigned the new queryeal

10.The security profile settings contained within téginal thread are assigned to the new
thread so that both threads now have the samdeanid authorizations.

11.The parser state of the query is reset for the thegad and the cache settings are assigned
for the new result.

12.A new packet is created for the new thread to erda memory for, and to hold the results
of, the query.

13.The MySQL methodny_pthread_setspecific_ptr(THR_THD, select_tisdjalled. This step
is a very important one as it sets the value ofgtbbal MySQL variable current_thd. A great
many methods in MySQL check the value of the threatéring as a parameter to the value
of current_thd to ensure that ‘this’ thread is ¢herent thread. If not, both processing and the
server connections will fail.

14.With the new thread fully initialized and assign®t,SQL methodnysqgl_parse(is called:

mysql_parse( select_thd, < New thread
select_thebquery(), < New query string
select_thebquery_length(), € New query length
my_parser_state ); < Parser state of the new thread

mysql_parse(will validate the new query, parse the query itite tables, commands
and fields (items) contained within it, validates thuser’ authorizations, check and lock
tables as necessary and, if all validations arsgquhswill execute the query placing the

result in query buffer.

15.Mysql_parse(returns no value and but when it returns to théngaprocess within the

val_str() method a select_send variable is initialized. $&kect_sendariable is responsible
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for closing the query, cleaning the server and sgnthe ‘End Statement’ to the server
which will send the result to the client througlke triginal query’s port.

16. At this point, the result is or has been sent &dirent.

17.Call an ‘error’. This error does not specify a #deand so will be called on the original
thread. Calling an error inserts an artificial efrdo the original thread.

18.Call MySQL methodmy_ pthread_setspecific_ptr(THR_THD, tabi®_use)to reset the
current thread back to the original thread. Thealkde table>in_use contains the structure
and values of the original thread.

19. Set theis_sentvariable of both the original and the new threadALSE. In doing so, the
error set earlier will be processed by the origthadad.

20.Upon recognizing that an 'error' has occurred, dhiginal thread will stop all further
processing of the original query, back out andrclep all the original query buffers and
return control to the client.

Using this design, MySQL was modified to creat@latronal database system in which the use

of relation valued attributes is possible. Thislded the use of RVA's to implement the storage

and use of fuzzy data values.

5.4 Maintenance Benefits of the 'Knowledge' Approach

There are a number of benefits to using an appreatthknowledge embedded in the field's

value. As Section 5.3 mentioned, both the nestind the nested tables are maintained

separately. By maintaining the tables separatebintenance tasks are greatly simplified. This

section discusses several of these tasks and fhreamh to their use with an attribute of the

RVAChar type.
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5.4.1 Create Table

Creating the nesting table containing the RVAChad #he nested table that the knowledge

contained within the RVAChar attribute uses stad@&@L.

First, the nesting table is created with the RV&iladite provided with a nhame, specified as an
'rvachar’ of a length appropriate to the anticigdength of the knowledge string and provided
with the specific knowledge string value as a difddecause the attribute is created with the
knowledge value as the default value, no value raed be written to the field again. When a
record is added to the nesting table for the b#sibwes, the RVA field will be assigned the

knowledge value by default for each new record.

Second, the nested table is created. This talbe,idccreated using standard SQL specifying a
key that contains, at a minimum, the nesting tatdey. The table structure must also contain the

fields specified in the nesting table's RVA knovged

When the RVA is called in a query, it reads thewdesalge provided in the RVA field as the
default and uses this knowledge to access thengetable's key and the fields configured for

access by the knowledge.

5.4.2 Drop Table

Typically, the nested table will be created witlioeeign key relationship to the nesting table.

Using standard SQL the foreign key can be spectberthscade on delete. In this way, dropping
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a table containing an RVA and the nested tableférs to is no different than dropping any other

related tables in a database.

5.4.3 Add, Delete and Update Fuzzy Data Values

The fuzzy data value embedded in the RVA is maneiiin a separate table. The attribute
merely accesses this data when called for in ayqées such, adding, deleting or updating fuzzy
data values is accomplished through the use oflatdnSQL just as it is with any other table.

Maintaining the data in this way has no affectloa functionality of the RVA.

5.4.4 Modifying the Knowledge

The knowledge contained within the RVA attributé @édso be maintained using standard SQL.
Using the UPDATE command, the value of the knowéedagn be set to what ever new default is
desired. In this way, an RVA can easily be expandedclude other fuzzy data values such as
'importance’ or ‘certainty' for a particular objectrely by adding these columns to the nested

table and modifying the RVA's knowledge to accésst using the UPDATE command.
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Chapter 6 - Implementation of a Relation Valued Attribute in
MySQL

6.1 Steps to Implementation

The client server SQL based database product My®&ed chosen for the implementation of a
Relation Valued Attribute (RVA) because it is opmyurce and readily available for download

and modification. The following technical specificas are provided:

Product Version Comment

MySQL 5.5.20 Database System

Microsoft Visual Studig 10 Development Environment

2010

CMake 2.8.6 Development Product Build
System

Bison 24.1 YACC Compatible Parser
Generator

Table 6.1 - System Specification

6.1.1 Implementation Considerations
Because MySQL is open source, there were a nunilissues that presented challenges to the
implementation of a new attribute type and the essdogic used to access and use it.
The primary issue encountered was the use of tieeydihread as a global variable in some
classes and methods. There are methods in MySQLuieathe FIELD class global variable
'table->in_use’, 'current_thd' or 'thd' as a glalepiresentation of the active thread rather than
passing the thread under consideration as a pasamdttimes, the method logic would check
the value of 'table->in_use' against the 'currént via the following assertion:

DBUG_ASSERT(table->in_use == current_thd);
As a result, the RVA thread would enter a parsirgghod and fail due to the fact that global
thread representation was still assigned to theevalf the original thread. Encountering this

circumstance is one reason that it is good pratticdiminate global variables by encapsulating
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them within a method either by declaring them witthe method or passing them to a method
by referencé&® This issue was overcome by assigning the new RWaath 'select_thd' to
‘current_thread' through the use of the methaoy_pthread_setspecific_ptr(THR_THD,
select_thd)prior to calling the parsing method and settinigaitk to the original thread using the
same method after the result was sent to the client

The second significant issue encountered resut@a the inherent nature of object oriented
programming and the method construct used. Becdnes®VA and the nesting functionality
created to accommodate it accessed methods contmother data types and SQL functionality,
the optimal approach recommended that any changieetonethod functionality be avoided if
possible. If changes were necessary, they mushpkemented in such a way as to have no mal-
affect on other functionality of other data typ&enerally, the solution to this problem was to
encapsulate any changes necessary by interrogaendata type under consideration by using
theitem class methodield_type()to distinguish functionality specific to the recgnnents of the
RVA from any others.

6.1.2 Steps to Implementation

The implementation of an RVA in MySQL had two paifegst, a new RVA data type was be
created along with the process methods necessaspgport the data type’s functionality.
Second, and most importantly, the underlying MySfphcesses were changed to accommodate

the functionality associated with an attribute tisadlso a relation.

6.1.2.1 Creation of an RVA Data Type

There are two steps to the creation of a new daia in MySQL. The first is to create the data
type in the file sql_yacc.yy which creates a ‘tokien the new type. The second step is to create

the methods in MySQL to accommodate the charatitrithat the data type will have.
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6.1.2.2 Modifying the sql_yacc.yy File

The first step to creating a new data type withip9@QL is to modify the file sgl_yacc.yy. The
purpose of the ‘yacc’ file is to define ‘tokens’ igh are recognizable by the MySQL binary
code. The yacc contains tokens for data types &nthagor MySQL functionality such as
‘SELECT’. Even the ‘EQ’ symbol used in the stand&QL is defined as a function. Once
defined in sql_yacc, a handle is associated wighttfken which passes the primary parameters
into MySQL. For example, here is the code for ‘SENE

/* Select: Retrieve data from table */

select:
select_init
{
LEX *lex = Lex;
lex>sqgl_command = SQLCOM_SELECT;
}

First, the word ‘select’ is referenced and evenghthat follows the ‘' symbol defines the
essential variable components of the select comnamndt will exist in MySQL. Second,
SQLCOM_SELECT is the hook into ‘MySQL proper’ thassociates this token with the
appropriate MySQL constant.
When a data type is defined, the token represdngdtie data type must be initialized. Here is
the sql_yacc definition and initialization of th& RCHAR data type:

1. First define the token. Tokens are defined in satcyin alphabetic order and the

RVACHAR token is:
%token RVACHAR
2. Next, the type is defined. A ‘type’ in this taace is a command or object type, not a data

type. Among the many ‘types’ are ‘delete’, ‘dropica‘'insert’ along with the actual data
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types. Because the RVACHAR token is patterned &flaoSTRING data type, the

RVACHAR token was placed among the string and attaraypes.
...opt_delete_optiorvachar varchar nchar...

. The type is then further defined as follows.akg because the STRING data type was

used as the pattern for the creation of the rvadhta type, the same type definition was

used.

type:
| rvachar field_length opt_binary

{
$$ = MYSQL_TYPE_RVACHAR,;

}
Finally, the rvachar is referenced to its ing¢ MySQL type using the new token
RVACHAR.

rvachar
RVACHAR {}

These changes are all that were required withinstiieyacc file. After saving the file, the

sql_yacc.yy file was run through bison to generse sqgl_yacc.cc and sql_yacc.h files. This

action generate two new files which were renameatfiensource directory as shown:

y.tab.cmust be renamed agl_yacc.cc
y.tab.h must be renamed agl_yacc.h

6.1.3 Modifying the MySQL Source Code

The MySQL source files mysqgl_com.h, mysgl.cc, itesfi” field.h and field.cc are where the

new data type is defined and its code embedded.

" The term 'item' is synonymous with the term ‘field"attribute’ within the MySQL context.

119



6.1.3.1 Defining the Data Type in mysql_com.h

All data types are ‘registered’ or defined withiflist of enumerated constants and defined in
MySQL source file mysqgl_com.h. Essentially, thisates a ‘legal’ value within the population
of data type constants. Among enumerated data tgpes_field typeshe new field type

MYSQL_TYPE_RVACHARas added.

6.1.3.2 Linking the Data Type to its Defined Constant

The enumerated constant that is defined for any yaie that is not specifically ‘primitive’ must
be linked to an internal type. In this case, thestant MYSQL_TYPE_RVACHAR is linked to

the ‘actual’ data type RVACHAR. Specifically, theesthod
static const char *fieldtype2str(enum enum_field_types type)

gets a new line
caseMYSQL TYPE_RVACHAR: return "RVACHAR" ;
which associates the actual data type with thenddfdata type.
6.1.4 Distributing the Data Type through the Server Processes
Now that the data type has been defined, the tockennow be defined as an object and, again
following the lead of the basic STRING type, distried through the MySQL server processes.

The following are given in something of a ‘priofitrder, although that priority is subjective.

6.1.4.1 Modifying item.cc To Define the Data Type

Because the RVACHAR is a special purpose string,RWACHAR behaves in most ways just
like a string. To support this behavior, any feasuor functions that are specific to strings should
also apply to the RVACHAR data type. Many of thésatures exist in the MySQL file item.cc.
The specific changes made to this file are showrthay are appear in the string type.
Specifically:
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1. Create the RVACHAR as a string type. The new sttype will be an RVACHAR, not a
string because we have defined the data type te Aawnique identifier as shown by the use
of the method type( ) which pushes the field camdton down to the more basic
Field_string.

2. The second change is to the method tmp_table freloh field type shown as defined
below.

Field *Item::tmp_table_field_from_field_type(TABLE&able, boolfixed_length)
This method is used, essentially, to create am'iter attribute for any of the defined data
types. It should be noted that the word ‘item’ sed within the MySQL code to imply
‘field’. Once inside this method, the RVA data typace again follows the lead of the
STRING type to create the field when this methochied.
switch (field_type()) {
caseMYSQL_TYPE_RVACHAR:
caseMYSQL_TYPE_STRING:
if (fixed_length && max_length < CONVERT_IF_BIGGER_TBLOB)
field=newField_string(max_length, maybe_null, name,

collation.collation);
break

}

3. The next change to the item.cc file is to the ‘Senethod defined below.

bool Item::send(Protocol *protocol, String *buffer)

This method returns a Boolean result indicatingcesas or failure and is extremely important.
As the name implies, it is instrumental in the ag@ and sending of the field’s result. If this
method is not successfully accessed, the valudhefdata is not stored and will not be

returned to the client. The structure surrounding fprotocol’ member will be discussed
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shortly when the thread structure is discussed.tRermoment, all that is required is to

associate the RVA data type in line with the simdlata types, particularly STRING.

6.1.4.2 Modifying field.h To Define the Data Type

All but the primitive data types in MySQL are cre@dtas classes. Each data type class contains
all of the essential, and many very useful, methuetlessary for the functions and features that
support the data type. The MySQL type STRING wasduss the pattern for the new
RVACHAR data type. In fact, the string methods weopied in their entirety with very few
changes. The only changes made to the class dwfinitere to reference the new data type

created earlier. Specifically:

1. The new class is defined with a unique identifier
classField_rvacharpublic Field_longstr
2. The type() and real_type() method return thergefifield type as enumerated

enum_field_types type() const{ returnMYSQL_TYPE_RVACHAR; }
enum_field_types real_type() const{ returnMYSQL_TYPE_RVACHAR,; }

6.1.4.3 Modifying field.cc To Support Data Type Functionality

Now that the class and its methods have been adkefméhe header file, the methods must be
provided with the logic required to function notlpas a character string, but as the RVA data
type it is intended to B& Fortunately, the logic associated with the new Ri#a type is

essentially the same as it is for the STRING dgpe.tAs a result, all but one of the methods

associated with the Field_string class were refditeas Field_rvachar methods. That one

¥ The methods discussed in these sections are aeaditatheir complete form in Appendices C
and D.
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exception was theval_str(J method which is the key to the implementationtioé relation
valued attribute in MySQL.

Within MySQL, each data type has a method whospqa# is to return the value obtained for
that specific type. While many data types haveval ‘str() method that returns a string
representation of the value obtained for that tgia, each instance wél_str()is specific to the
data type. By creating a new data type rvachamamgeassured that when an attribute of the RVA
data type is used in a query that MySQL will cotesifly access theal str() method associated
with the rvachar class to obtain the value appeterio that query’s requirements. When using
an RVA attribute, however, theal_str() method is accessed only one time. The first tihae t
the val_str() method is accessed during the course of processiBELECT statement, a new
guery, based on the original query is created. @&memple shown below illustrates how the
original query is used and modified within thal_str() method to create the relation valued

attribute. The modifications are shown in red.

Original Query: New Query:
SELECT VID, TYPE SELECT.VID, B.CLASS, B.WEIGHT
FROM VEHICLE; FROM VEHICLEAS A

INNER JOINV_TYPE AS B
ON A.VID = B.VID;
While still within the val_str() method, this new query is passed back throughM8QL
parser. Notice that the VEHICLE field TYPE does eatst in the new query. As a result, the
new query will never again enter the rvachar metvaddstr() It is the result of this new query
containing the RVA data nested inside the origbwde table that is returned to the user while an

error is set in the original query that terminateshd returns control to the user.
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6.1.4.4 Detailed Description of the val str() Method Functionality

All of the processing logic necessary to nest theted table within the nesting table is contained
within the rvachar class/al_str() method. The following sections describe, in dethié steps

taken to produce a result containing an RVA.

6.1.4.4.1 Method Header

Theval_str() method header is shown below.

String *Field_rvachar::val_str(String *val_buffer __attribute__ ((unused)),
String *val_ptr)

The *val_buffer is unused, but the *val ptr is mied to hold the result string that is passed
back to the calling process. In fact, this metha@®irn statement is, ‘return val_ptr’ and the
val_ptr still returns this value. Because an etras been inserted into the original thread’s
structure, however, this value will essentiallydigcarded upon return and all further processing

of the original query is halted.

6.1.4.4.2 Normal Processing: Checking the Active Thread

The first thing that this method does is to chdwk the active thread is the current thread. This
is a very important check that occurs frequentliySQL. The following statement compares
the variable tabl®in_use to the global variable current thd. In thal str() method,
table>in_useis the active thread. All references to the origigaéry or the original thread can

be seen as synonymous with the variable taire use.
DBUG_ASSERT(table->in_use == current_thd);

Under normal operations, when a query is sentéostirver and begins processing, the pthread

method my_pthread_setspecific_ptr(THR_THD, thd)called. This method sets the value of
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current_thd to the active thread. Many methodsedalithin MySQL begin with the assertion
shown above and if the active thread does not midwelrcurrent thread all further processing
stops and the connection to the server will be llbss imperative, then, that these two threads

evaluate as equal.

6.1.4.4.3 Normal Processing: Saving Off the ‘Knowledge’

The value contained within the RVA field TYPE cantathe knowledge needed to nest the table
such as the name of the table to be nested arcbyh® that table which must match a portion of
the key in the nesting table. As a result, nore@l str() processing is initially still important.

After some basic validation, the value containethim attribute is assigned to val_ptr parameter

using the ‘set’ string method.

val _ptr->set((const char*) ptr, length, field_charset);
The value passed to val_ptr is saved off to charadtribute rva_val in the first step to utilizing
this information for query string modification. Kt this point, the value contained by rva_val is
NULL, the RVA table attribute has not been set uppprly, there is no knowledge that can be
used to nest the two tables and so RVA processisgipped and the original query is processed

with no further interruption.

6.1.4.4.4 RVA Processing: Saving off the Original Thread Query

If, on the other hand, the rva_val variable doegao the necessary knowledge, the next step is
to save off the original query so that it can bedified to accomplish the nesting of the two
tables in this example. This action is fairly sgfdi forward as the query is contained in the

‘query_string’ member of the original thread. Tlodddwing command accomplishes this task.

sql_select = select_thd->query_string.str();
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6.1.4.4.5 RVA Processing: Evaluating the SQL Command

Theoretically, the only reason that a query shewier enter theal_str() method is to satisfy the
requirements of an SQL select statement. To béesafe side, however, the SQL command is
evaluated. As with most other required informatiti,e SQL command associated with the
original thread is contained in the ‘sql_commandmber located off of the ‘lex’ member

branch of the thread tree.
enum enum_sql_command sql_command= table->in_use->lex->sql_command;

If the SQL command evaluates as equal to SQLCOM E£HIL, the query is a ‘select’ query and
the tables must be nested. If not, the originalrgyeoceeds without any interruption from the

nesting process.

6.1.4.4.6 RVA Processing: Building the new thread

At this point, the process has obtained the origijry, the knowledge necessary to modify it
and has confirmed that this is a select statemiérg. process has everything that it needs to
create the new query. The first step in this prededo create a new thread to contain the new
query and the myriad details associated with itislat this point that the original query is
‘hijacked’ by the new query that will return thested RVA results. The following commands

create a new thread and initialize the base theéadents.

select_thd = new THD;
select_thd->init();

The new thread is now a basic thread with its efeamecady to be populated with the values
necessary to accomplish its purpose.

It bears repeating here that a ‘thread’ in MySQhas a thread in the traditional or classic sense.
It is, in fact, ahighly complex data structure that contains all aspessired of any type of

query in MySQL. In the process of returning an RMA&hin a result relation, it will not be
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necessary to use even most of the elements andidnsqrovided by the THD class. This
dissertation addresses only those elements thaequéed of the RVA query and response. The
reader is invited to peruse the internal structafea MySQL thread, preferably within a
debugging session, so that the data containedeireldments will provide insight into the use

and purpose of the elements contained within thB Sklucture.

6.1.4.4.7 RVA Processing: Building the new query

When the process gets to ted_str() method, we extract two critical pieces of data; dhiginal
thread which contains the token assignments frarotiginal query and the knowledge encased

in the value of the RVA data type. To review thamyple:

Original Query: New Query:
SELECT VID, TYPE SELECWVEHICLE.VID,
FROM VEHICLE; V_TYPE.CLASS,
WHERE VEHICLE.VID >=‘2’; V_TYPE.WEIGHT

FROM VEHICLAS VEHICLE
INNER JOINV_TYPE AS V_TYPE
ON VEHICLE.VID =V_TYPE.VID
WHERE VEHICLE.VID >= ‘27,
The original query shown above comes in as toksmgasients made during the parsing of the

original query. An example of this token assignnmsnicture is shown in Figure 6.1 below. The

‘item_list’ is the thread structure component tbamtains the fields contained in the thread.
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@ to -
[+ & Query_tables_list {sgl_command=5QLCOM_SELECT query_tables=0x0cd35e40 query_tables_last=0:0cd35e44 ...}

- zpnc ® W _viptr 0x01610aed const LEX: vftable'
= [F & unit {result_table list={...} union_result=0:00000000 table=0w00000000 ...}
Chang = [# select_lex ' {context={...} db=0x00000000 <Bad Ptr> where=(:00000000 ...}
- = 1} - -’
'sz: ,; # @ st_select lex node {next=0:00000000 prev=(dccb?4lc master=0dccbT408 ...}
"prc't- F & @ context {outer_context=0x00000000 table_list=0:x0cd35e40 first_name_resolution_table=thdcd35ed0 ...}
R("sq @ # w db 4 = 000000000 <Bad Ptr=
| E @ where 000000000 {rsize=777 str_value={...} name=777 ...}
1B e ; F & having 000000000 {rsize=777 str value={...} name=777 ...}
dHlm ; F @ prep_where 000000000 {rsize=777 ctr value={...} name=777 ...}
J®| @@ B @ prep_having 000000000 {rsize=777 strvalue={...} name=777 ...}
im = @ cond_value COMD_UMDEF
Tm| |m @ having_value COND_UMDEF
Hlm ; [ & parent_lex Ox0ccbi3al {unit={...} select_lex={...} current_select=thlccb¥B850 ...}
g # olap UNSPECIFIED_OLAP TYPE
£ +. | E @ table list {elements=1 first=0x0cd35e40 ned=0:0cd35=40 }
| @ @ # @ group_list Ielements=0 first=0x00000000 next=0x0ccb78el }
3] @ 2w item_list _ 15k
W us S o base list {first=0x0cd35d60 last=0:0cd3500 elements=2 }
J0H ¥ pa— ¥ Sqgl_alloc | {.} I e T
S @ convert | @ o first | 0x0cd35d60 {next=0x0cd35e00 info=0xdcd35cd0 } gth=0..}
[+ & rand = o last DiDcd35e00 3741823 ..}
i @ variables| | 0301bbbSd0 struct list_node end_of_list fnext=0x01bbb5d0 info=0x00000000 } Yamic_variables head=18 ..}

§ Salloc|{-}
| [ nesd D01 bbb5d0 struct list_node end_of_list {next=0x01bbb5d0 info=0:00000000 } |
mery method whi @ info | 0x00000000 F

R e e 4 L L

Figure 6.1 - Item_list Structure in thread.

The names of the fields are extracted from thisucttire using the MySQL object
‘List_iterator_fast’ and the <Item> structure showere as it is used in theuild _query()
method:

List_iterator_fast<Item> it(thread->lex->select_lex.item_list):
The knowledge contained in the RVA type fieldimitar to that shown here:

"@TABLE:V_TYPE@KEY:VID@FIELDS:WEIGHT,CLASS"
It contains the table to be nested, the key to#sted data and the fields to be nested. Note that
there is no limit to the number of nested fieldeeTthread information and this knowledge are
both passed to thduild_query() method which returns a character string contartime new
query to theval str() method. Thebuild_query() method is defined as (For the full

implementation, please refer to Appendix D:
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char *Field_rvachar::build_query(THD *thread, CHARSET_INFO *set, char *knowledge, char
*
query)

Because théuild_query()method uses the parsed version of the originatyguecessing the
guery tokens is easy and reliable. Theld _query()method uses these same tokens to build a
new query. The first tokens that the query builterks for are the fields contained in the
SELECT statement.. In the case of the example althgse tokens contained in the item_list are
VID and TYPE where TYPE is the RVA data type. Usthi information, the builder will first
append ‘SELECT’ to a new string buffer variablewitl then append the table name obtained
(i.e. ‘'VEHICLE’) from the table_list token and anm (*.") to the string ‘VID,’. Thus modified,
it will append the new string ‘VEHICLE.VID' to theSELECT string buffer. Using the
knowledge contained in the knowledge string, thideu will add the two fuzzy data attributes
weight and class, to the string buffer with eacbcpeded, in this case, by a vV_TYPE.". With
the result being:

SELECT VEHICLE.VID, V_TYPE.WEIGHT, V_TYPE.CLASS
We now have the SELECT portion of the new queryngyshe tables obtained for the SELECT
predicate described earlier, the builder then eeginbuild the ‘FROM’ clause. It does so by
creating a JOIN using the two tables, VEHICLE andl'YPE, and the value associated with the
KEY found in the knowledge. In the case of thisrapée, the FROM predicate would appear as:

FROM VEHICLE AS VEHICLE

INNER JOIN V_TYPE AS V_TYPE

ON VEHICLE.VID = V_TYPE.VID

This new FROM clause would be added to the SELE@igsbuffer. Specifically, ‘VEHICLE’
will follow the FROM clause and will be succeededtbe string ‘AS VEHICLE’ to become the

string section ‘VEHICLE AS VEHICLE'. This sectionilvthen be appended to the buffer string.
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Again using the table passed by the knowledge értethod, the string V_TYPE will be
preceded by ‘INNER JOIN’ and succeeded by the gttkS V_TYPE'. Combined, this new
string ‘INNER JOIN V_TYPE AS V_TYPE’ is appended tioe string buffer. Finally, in this
example, using the knowledge passed to the metihedyalue associated with ‘@KEY:’ is
evaluated on both sides of the equality. The tallEHICLE.” and ‘V_TYPE.’ precede the key
attribute string VID to create a string ‘ON VEHICDNAD = V_TYPE.VID' with the whole
being added to the query string. At this point,lthéd _query()method consist of the string,
“‘SELECT VEHICLE.VID, V_TYPE.WEIGHT, V_TYPE.CLASS
FROM VEHICLE AS VEHICLE INNER JOIN V_TYPE AS VIYPE
ON VEHICLE.VID =V_TYPE.VID”
The last part of this example is the restrictioarfd in the WHERE predicate. The restriction is,
without a doubt, the most complicated of the qusgtions and this complexity is reflected in
the thread structure. It is beyond the scope of tleisearch to accommodate all WHERE
predicate possibilities, but the example demorstrdhe essential approach being used by
MySQL. It is necessary here to briefly describe WIHERE component of the thread structure
and how it works. To begin with, recall that the BRE predicate was stated as:
WHERE VID >= ‘2’
The select_lex.where element of the thread iskedrist that prepends the tokens to the list in

prefix order. The followings screens illustrate hgild >= ‘2’ is maintained in the WHERE list.

s ]

H F

H @ _vfptr 0017 cdcbe const tem_func_gesvftable'
# rsize ]
lm @ str_value {Ptr=0:00000000 <Bad Ptr= str_length=0 Allcced_length=0 ...}
|E @ name 4 + 000000000 <Bad Ptr>
lm @ orig_narne 4 = 000000000 <Bad Ptr>
|E @ next 0:0ch06590 {value=2 }

Figure 6.2 - Item Function
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The head of the list is the ‘func_type’ which instlcase is ‘greater than or equal to’ or ‘GE’. The

pointer to the next element in the list shows thkeie = 2.

[ |+ [em_int] fvalue=2}
[ @ _viptr U0l clcac const ltem_int: witable'
¥ rsize a
[E @ strvalue {Ptr=0:00000000 <Bad Ptr> str_length=0 Alloced_length=0 ..}
[E & name 4 = D cb0G588 2"
| & orig_name 4 = (00000000 <Bad Ptr=
|F @ next D) cb064f8 {field=0x0cb09db8 result_field=0x0cb09dbE item_equal=0:00000000 ...}

Figure 6.3 - Item Value
The func_type for this element is, essentiallyt’ ‘which is the data type of the value. The field

VID is of type integer and so it is only appropeigihat an integer value be evaluated to it.

'@ @|[em field] | Ifield=0x0cb09db result field=0:0cb09db item_equal=0x00000000 ...}

| @ _wfptr (0181 ef74 const Item_field:: wftable'

| @ rsize 0

| E @ strovalue {Ptr=0x00000000 <Bad Ptr= str_length=0 Alloced. length=0 ...}

| # % name 4 o+ Dx0cb064f0 "vid"

| E & orig_name 4 = 000000000 <Bad Ptr=

|EH @ next Dx0cb06068 {field=0x0cb09f60 result_field=0:0cb09f50 itern_equal=Ch00000000 ...}

Figure 6.4 - Item Field
The last element of the WHERE list has the funcetyield’ and contains the value ‘VID’. So
the list elements flow in prefix fashion as ‘GB ‘2’ - VID which are the two values to be
compared and the comparison operator between therthe WHERE list has all of the elements
contained in the WHERE clause. The job now is toeas them and create a string with these

elements to finish off the selection query.

Because the WHERE predicate can contain more thartomparison, thieuild_query()method
provides an Item pointer to the next item in theevehlist, starting with the first. It is declarest a
Item *ptr_next. This pointer allows the process to traverse tH¢BINE list and because it is of

type Item, it contains all of the members inherarthe WHERE list which is of type Item.
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The next object provided for use to the method va@able called ‘my_func’ which is defined
as: Item_func::Functype my_func. This variable and the method Functype containill the
object Item_func are of critical importance. In kg 6.2, the element ‘func_item_ge’ is an
element of an Item_func array. Each of these fonsticontain complex members appropriate to
just that function type. Fortunately, all that theld_query()method requires from this complex
structure is the comparison operator. The prock&sre this value through the assignment:
my_func = ((Item_func*)ptr_next)->functype();
my_func will be assigned a number. This number galirespond to a member in the enumerated
list of operators contained in Item_func’s functypariable. Below is the list of enumerated
values. Those of particular interest to bweld_query()method are shown below:

enum Functype { UNKNOWN_FUNC, EQ_FUNC, EQUAL_FUNC,NE_FUNC,LT_FUNC,LE_FUNC,
GE_FUNC,GT_FUNC...};

Notice, however, that there are many very fami8&L function types from OR, XOR, AND

and IN to those used for nested and more complexe&g.

The next token obtained is the value being comparedhis case ‘2'. Then, the field being
compared is obtained which in this case is ‘VIDuttihg these three tokens together in a string
with WHERE, the result is WHERE VID >= 2 which ishat is needed. This string is appended
to the whole to leave tHauild_query()with a final select statement of:

SELECT VEHICLE.VID, Query 6.1
V_TYPE.CLASS,
V_TYPE.WEHG
FROM VEHICLE AS VEHICLE
INNER JOIN V_TYPE AS V_TYPE
ON VEHICLE.VID = V_TYPE.VID
WHERE VEHICLE.VID >= ‘2;
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The final query string is then assigned to the ati@r string ‘query’ and returned to thal_str()

method from which it was called.

6.1.4.4.8 RVA Processing: Processing the new query

When the new query string is returned to ¥aé str() method, it is measured using the standard

strlen(*String ) method and saved to the threa@rgustring’ element with the method calls

select_thd->set_query(my_sql_string, query_length );
select_thd->query_string = CSET_STRING(my_sql_string, query_length,field_charset);

This key section is critical. The new query must éeeliably well-formed statement. Once
created, however, any errors in the statementbilleturned to the user as though the query was
passed to the server in its new form. For examplie new query were malformed, an error
returned may not reference any element in the malgguery. Such messages would be quite

confusing to a user who would have no ability teetfthe syntax of the ‘built’ query.

6.1.4.4.9 RVA Processing: Allocating Memory

Memory allocation and buffer size is critical toeextion of a query. In some cases, memory is
dynamically allocated during the query executianother cases it is not. But an initial value
sufficient to the queries needs can be assignedisafoint. The first step is to create a new
mem_root element in the select_thd. Once creatednem_root allocations in thal_str()
method were set to default values.

Separate, but related, the select thread quergatit;m is set in the ‘alloc’ member of the

select_thd to a length equal to the length of #w& query built earlier.

unsigned int query_size = query_length;
select_thd->alloc(query_size);
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6.1.4.4.10 Assigning the ‘net’ element to the thread

There are a number of critical elements containétthinvthe original thread that must be

assigned to the new thread. Perhaps the mostatritichese elements is the ‘net’ element. The
net element is the ‘client connection descriptord a&ontains both the network parameters as
well as the client identifier. Without this infortan, the communication back to the client is

lost. The only information that needs to be chanigethe net element is the contents of the
buffer, which will contain the new query and thedths of these buffers to hold the new query
header and result. These buffers will be addressadnoment. For now, here is the assignment

of the net element to the new thread.

select_thd->net
select_thd->stmt_da

table->in_use->net;
table->in_use->stmt_da;

6.1.4.4.11 RVA Processing: Preparing the query buffers

The query thread uses four ‘working buffers’ tochtile query, navigate the request and hold the
result. These buffers are the buff, buff_end, wipkes and read_pos. Initially, the buff, write_pos
and read_pos variables contain the query as suwdzmifts the parser moves through the query
string and extracts the markers these buffers answmed. During the actual data selection,
these buffers will contain various result composenhich will then be written to the ‘packet’
which will be discussed in Section 6.1.4.4.12.Hors, the buffer areas are an important element
in the thread structure as these are the workhoufers that provide temporary storage for

query operations.

The variable buff_end marks the limit of the quérkis is a very important variable that must be

set large enough to handle the result set andhtbader’ which is written before the selection.
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Here, the buff_end variable is set to the defaalu® and should be more than sufficient to the

need.

6.1.4.4.12 RVA Processing: The packet

The packet holds the entire result set. By the tthme original query gets to theal_str()

structure, its packet has been ‘polluted’ with tessalready obtained from the original query. As
a result, the new thread is provided with a clew packet area with an initial default memory
allocation. At the completion of the query proceb® ‘send’ class object will access the new

thread’s packet rather than the original threadskpt and ‘flush’ it to the client as output.

6.1.4.4.13 RVA Processing: Security settings

When the new thread is created, it has no secuallye. Without a security value, the ‘user’
authorizations cannot be interrogated by the ge&pcution to determine whether the user has
authorization to this particular action or the sped¢ables involved. The simple thing to do here
is to copy the security settings that came in thgiraal query. Theval_str() method does just

that.

6.1.4.4.14 RVA Processing: The Parser State

When the new thread is created, it has no activeepatate. The primary element of the parser
state is the Lex input stream. The first step isiialize a new parser state element for the new
thread. Next, a new Lex input stream or ‘lip’ mhstcreated, initialized and have its initial value
assigned to it. The MySQL documentation providgeaed summary of the Lexical input stream

and is presented here.
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Class: Lex_input_stream

This class represents the character input streasuoceoed during lexical analysis.

In addition to consuming the input stream, thissslgerforms some comment
preprocessing, by filtering out-of-bound speciadt tteom the query input stream.
Two buffers, with pointers inside each buffer, araintained in parallel. The raw’
buffer is the original query text, which may contaiut-of-bound comments. The
‘cpp’ (for comments preprocessor) is the pre-psszkdbuffer that contains only
the query text that should be seen once out-of-thalata is removed.

The parameters passed to the lexical input streartha thread pointer, the query string and the
guery string’s length. Once instantiated and wititial values assigned, the ‘lip’ is assigned to

the parser state.

A new parser state is created for the new threed,But this is not the same parser state. In fact,
all that is required for the thread is to instatetithe parser state and assign a value of NULL
while a value of 0 is assigned to the ‘safe_to_eagnery’ element on the lex branch of the

thread tree to signal that the query is safe theac

6.1.4.4.15 RVA Processing: Protocol

The ‘protocol’ element of the thread handles tha&tust of the query processing and more
importantly the ‘send status’ and the ‘end_statdmdh is by calling the protocol's end

statement method that the results contained witienpacket are actually sent to the client. At
this point, however, all that is required is tHa protocol element be initialized to reference the

new thread.

select_thd->protocol->init(select_thd);
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6.1.4.4.16 RVA Processing: Client capabilities

The client_capabilities element of the thread \deaxpress whether the client is capable of
such things as multiple queries or multiple statats\dt is not necessary to determine this value
for the new thread. Rather, the client_capabilwi@sie can be copied directly from the original
thread.

select_thd->client_capabilities = table->in_use->client_capabilities;
6.1.4.4.17 RVA Processing: Setting the current thread
Because MySQL is a client server product and methzah be called through various client
threads at any time, there are a number of checksdure that the thread entering a particular
method is the ‘current thread’. The current thréadepresented by a value in the variable
current_thd. When the original query enters tla_str() method, the value contained in
current_thd is equal to the original thread. Irt,fdte evaluation of the thread within the methods
is through the debug macro DEBUG_ASSERT(thd = emuir thd). If the assertion returns in
the negative, the link between the client and gassdropped. It is therefore necessary to set the

new thread to the current thread. This is donegusia statement shown below.

my_pthread_setspecific_ptr(THR_THD, select_thd);

6.1.4.4.18 RVA Processing: Calling mysql _parse()

Everything that must be done and provided for #n thread has now been done. The query has
been set, the network parameters have been ek&thlithe buffers have been instantiated and
populated as necessary and the required memorlpdeasallocated. The process now calls the

MySQL methodnysql_parse(as follows.

mysql_parse(select_thd,
select_thd->query(),
select_thd->query_length(),
my_parser_state);
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The four parameters are:
1. The new thread variable containing the basic, Issemtial elements necessary to
parse and execute the query.
2. The query string.
3. The length of the query string.

4. The independent parser state

6.1.4.4.19 RVA Processing: Use of the mysql parse() Method Rationale

There is a reason that theysqgl_parse(J)nethod was used in this instance. Several metaods

alternatives were considered and tried. As mentic®lier, the THD or thread structure at the
heart of MySQL is extraordinarily complex. Nearlly af the methods contained in MySQL

either read data from or write data to this objé.a result, the problem with selecting the
‘right’ method had to do with finding the right ‘&g point’ for the new thread and making a
determination as to which of these entry points lkqurovide the new thread with the most
MySQL functionality. Choosing the wrong method wiblilave meant spending considerable
effort in replicating the processes that alreadgted in MySQL and resulted in a product that

was error prone and highly unreliable.

It was originally thought that the MySQL methoohysql_select()was the appropriate entry
point to use. The method’s parameters appearedue &ll the ‘pieces and parts’ necessary to
proceed if only the process could be designed progpiately assign a value to each of these
parameters. Considerable effort was expended iat@mpt to do this. Two facts eventually
became apparent. First, given the wide varietyetdcdions being made in a query, it would be

almost impossible to correctly populate all of #ssociated thread elements and variables. More

138



importantly, however, attempting to do so wouldlicgte, in most every respect, the job already
being done by the parser method. It is the jothefgarser to collect an input string and to break
the tokens contained within the string down int® warious components. In fact, the parser
method, mysql_parse()required only four parameters; the thread to hblel communications
information and the results of the parser’s effati® query for the parser to ‘parse’, the length
of the query to assist in string manipulation andaable provided to hold the parser state of the
object. By using the MySQL parser method, the eptint for the new method was far enough
‘up stream’ to utilize all of the MySQL functionglinecessary to populate the thread with every
piece of required information. In addition, if tlgpery were a well formed and executable
statement, it was the job of the parser methodkéx@e the query and store the results of the
guery. Essentially, the input to the parser wagytery to be processed. The output of the parser

was the results of the query’s execution.

Using the parser allowed all of the RVA’s nestingndtionality to be called from and
encapsulated within theal str() method. With rare and minor exception, no otherSKQy
process functionality required change. While the ofsalmost all of the MySQL functionality is
an obvious benefit to this approach, the other lieyefit was the fact that using this approach
completely eliminated any potential and unforesmaheffect to changing MySQL code outside

of theval_str() method.

6.1.4.4.20 RVA Processing: Sending the result to the client

The output of a successful call to the parser ntetb@ packet variable containing the results of

the query contained within the thread structures méxt step is to access this packet and send it
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to the client as the result. To accomplish thig tasselect_send object needed to be initialized

and assigned the value of the thread and its eakel@ments.

Once prepared, the thread would update the sentlerte appropriate status flags and call the
‘end_statement()nethod. It is theend_statementfnethod that actually sends the result to the
client by flushing the results buffer. The resulffbr contains the result header consisting of the

column headings and the results consisting ofitems’ contained within each result record.

6.1.4.4.21 RVA Processing: Terminating the original query

As alluded to earlier, theal_str() method was called as part of the original quecessing.
The method that called theal_str() method expects a string to be returned to it anthén
continue processing the original query. The RWVAl_str() method, however, has already
processed and returned a result from its querya Aesult, the original query must be terminated
and control must return to the user on the clight.sTo accomplish this, an ‘error’ is set. By

setting an error, the calling method will receivieesult, but that result will come with an error.

/* Set the error that stops further original SQL processing. */
success.set("RVA Success", 11, field_charset);
my_error(ER_CHECK_NOT_IMPLEMENTED, MYF(®), success);

Before the process returns, however, the globakotrthd set to the new thread must first be
reset back to the original thread. To do this,ahginal thread is simply passed as a parameter to

the set specific method.

my_pthread_setspecific_ptr(THR_THD, table->in_use);

The is_sent element of both the original and the tieead must be set to FALSE. MySQL will
drop the connection between the client and theesaf\va process tries to send an error to the

client after the result has been sent. If an error occursaogssing the expectation is that it will
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occur before a result is obtained and sent to $lee. Un testing, however, there has been no mal-
effect from setting the ‘is_sent’ element to FAL&&eNn though the result has, in fact, been sent.
When the calling method is informed that an erras toccurred, it will stop all further
processing, free any allocated memory, unlock #isdes used in the original query and return

control to the user.
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Chapter 7 - Validation

7.1 The Approach to Validation

A validation of the system developed for the useRMA’s in support of fuzzy data was
performed to confirm and demonstrate the abilityhef system to satisfy several primary goals.
The first of these goals was to demonstrate thatsystem not only supports the necessary
functionality of the relational database, but asilveres to the strict mathematical requirements
of the relational model. Specifically, the use &fARs must appropriately accommodate the five
primitive operations established by Codd as requicgg the relational model; the Cartesian

Product and the Restriction, Projection, Join andrsection operation§.

The next goal was to demonstrate the ability ofsygem to accommodate the use of RVA'’s in
the support of non-fuzzy data. While the focushi$ research is the use of RVA’s to represent
fuzzy data, RVA’s are not limited to this task. RgAan also be used to represent other, more
common, data requirements. To illustrate this @olabtl role of relation valued attributes, a non-

fuzzy data example is provided and discussed iti@e¢.2.6.

Another important goal of this research is to cdesithe representation of an RVA within the
result of a query. There are two general repreientathat have been used. Chapter 9 discusses
these representations, their benefits and drawb&uking the formal system study the opinions

of users as to which representation is more meéuliagd suitable to their needs was elicited.

In addition to the representation, the new datalsyséem provides the user with a new and

unfamiliar tool. Queries are somewhat different #melresults may not be as expected. In order
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to help gauge the effect on the user resulting ftbese differences a number of heuristic
guestions were asked to gain insight into the gge&ction.

Finally, it was necessary to demonstrate and aortirat the introduction of the RVA within the
database does not affect the normal functionalitthe database to support and maintain non-
fuzzy data.

7.2 Data Used in Validation

The tests used to validate the representation pfyfudata using relation valued attributes
consisted of a database comprised of tables VEH_FAMVEH_MIAMI and V_TYPE. The

structure of VEH_TAMPA and VEH_MIAMI are shown irable 7.1. Table V_TYPE is shown

in Table 7.2:

+ + + ot +
| Field | Type | Null | Key | Default |

+ + + +ommmet +

|vid [int(11) |NO |PRI|NULL |
|loc |char(25) |YES | |Tampa |
| name |char(25) |YES | |NULL |

I

| manuf | char(25) |YES | |NULL
| type | rvachar(125) | NO | | @table:v_type @key:vid@fields:weight,class |
+ + + ot +

Table 7.1 - VEH_TAMPA and VEH_MIAMI

+ + + e +
| Field | Type | Null | Key | Default |
+ + + S e — +
| vid |int(11) | NO |PRI| NULL |
| weight | decimal(4,2) | YES | | NULL |
| class | enum(‘Car','Truck','Van') | NO | PRI | Car |
+ + + S e — +

Table 7.2 - V_TYPE
The data contained within these tables are showlrables 7.3, 7.4 and 7.5. The query to select
the data from the tables is shown with the resuthe query. VEH_TAMPA and VEH_MIAMI

RVA attributetypeis specified. When specified in the query, tHatren specified by the RVA,
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namely V_TYPE consisting of attributes containihg brdered pair (weight,class) necessary for

the representation of fuzzy data is nested withénbtase tablé!!

mysql-VCU> select vid, loc, name, manuf, type from

veh_tampa;

S S T — S R  E— +

| vid | loc | name | manuf | WEIGHT | CLASS |
 — S T — S R  E— +

| 1| Tampa | EI Camino | Chevrolet | 0.90|Car |
| 1| Tampa | El Camino | Chevrolet | 0.60| Truck |
| 2| Tampa | Camero | Chevrolet | 1.00|Car |
| 3| Tampa|F-150 | Ford | 0.70 | Car |
| 3| Tampa|F-150 | Ford | 1.00 | Truck |
B — A —— A — S —— B — A +
5 rows in set (0.18 sec)
Table 7.3 - VEH_TAMPA Data

mysql-VCU> select vid, loc, name, manuf, type from

veh_miami;

S RS S — S —— S S +

| vid | loc | name | manuf | WEIGHT | CLASS |
 — S S S R S +

| 3| Miami|F-150 | Ford | 0.70|Car |
| 3| Miami|F-150 | Ford | 1.00| Truck |
| 4| Miami | Caravan | Dodge | 0.80]|Car |
| 4| Miami | Caravan | Dodge | 0.90]|Van |
| 5| Miami | Mustang | Ford | 1.00|Car |
B — A —— T B B — A +
5 rows in set (0.01 sec)
Table 7.4 - VEH_MIAMI Data

The value in the RVA fieldype consists of the data knowledge required to nédée td_TYPE
into the nesting tables as appropriate, assigtagarious fuzzy data relations to the associated
vid.

Y Note: In order to maintain the format of the resulbe fixed font 'Courier New' has been used $pldy the results of the queries which

were copied directly from the system screens. imlay, the integrity of the result is best mainéal.
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mysql-VCU> select * from v_type;
B — E — E —— +
| vid | weight | class |
----- .
0.90 | Car |
0.60 | Truck |
1.00 | Car |
0.70 | Car |
1.00 | Truck |
0.80 | Car |
0.90 | van |
1.00 | Car |
B — E — E —— +
8 rows in set (0.09 sec)
Table 7.5 - V_TYPE Data

G, WWNEPEF

+
I
I
I
I
I
I
I
I

7.2.1 Cartesian Product
The Cartesian product consists of two vehicle gblEH_TAMPA and VEH_MIAMI, both of
which contain an RVA attribute TYPE. In both cas&€¥,PE contains data consisting of the
following knowledge as shown in the descriptioable 7.1:
@TABLE:V_TYPE@KEY:VID@FIELDS:WEIGHT,CLASS;

The Cartesian product will return a set consistihglata from both tables, each containing the
RVA data appropriate to both. The sequence of Dk uery entered by the user, the query as
modified by the nesting metho8uild_query() based on the thread elements involved and the
final query used to return the result set is aeWs:
Original Query:

Select * Query 7.1

From veh_tampa, veh_miami;

Thread->Item:
select veh_tampa.vid, veh_tampa.loc,
a.class, a.weight, <TYPE for tampa
veh_miami.vid, veh_miami.loc,
b.class, b.weight <TYPE for Miami

Thread->Tables:
from veh_tampas veh_tampa inner join v_type as a on veh_tantpa.a.vid
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veh_miamas veh_miami inner join v_type as b on veh_miami=vb.vid
Final Query:
Select veh_tampa.vid, veh_tampa.loc, a.class, ghwvei
veh_miami.vid, veh_miami.loc, b.classydight

From veh_tampa as veh_tampa inner join v_type@sveh_tampa.vid = a.vid,
veh_miami as veh_miami inner join \péyas b on veh_miami.vid = b.vid;

The result is shown in Table 7.6:
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mysql-VCU> select * from veh_tampa, veh_miami;
+ + + + + +---

|vid |loc |name | manuf | WEIGHT | CL

S — + + + + -

| 1] Tampa | EI Camino | Chevrolet| 0.90| Ca
| 1] Tampa | EI Camino | Chevrolet| 0.90| Ca
| 1| Tampa | EI Camino | Chevrolet| 0.60 | Tr
| 1| Tampa | EI Camino | Chevrolet| 0.60 | Tr
| 2| Tampa | Camero | Chevrolet| 1.00|Ca
| 2| Tampa | Camero |Chevrolet| 1.00 | Ca
| 3| Tampa|F-150 | Ford | 0.70]Ca

| 3| Tampa|F-150 | Ford | 0.70]Ca

| 3| Tampa|F-150 | Ford | 1.00]|Tr

| 3| Tampa|F-150 | Ford | 1.00]|Tr

| 1] Tampa | EI Camino | Chevrolet| 0.90| Ca
| 1] Tampa | EI Camino | Chevrolet| 0.90| Ca
I

I

I

I

I

I

I

I

I

I

I

I

I

1| Tampa | El Camino | Chevrolet| 0.60 | Tr
1| Tampa | EI Camino | Chevrolet| 0.60 | Tr
2 | Tampa | Camero | Chevrolet| 1.00 | Ca
2 | Tampa | Camero | Chevrolet| 1.00|Ca
3| Tampa|F-150 |Ford | 0.70]|Ca
3| Tampa|F-150 |Ford | 0.70]|Ca
3| Tampa|F-150 |Ford | 1.00]|Tr
3| Tampa|F-150 |Ford | 1.00]|Tr
1| Tampa | El Camino | Chevrolet| 0.90 | Ca
1| Tampa | EI Camino | Chevrolet| 0.60 | Tr
2 | Tampa | Camero | Chevrolet| 1.00|Ca
3| Tampa|F-150 |Ford | 0.70]|Ca
3| Tampa|F-150 |Ford | 1.00|Tr

} + + + + +---

25 rows in set (0.24 sec)
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ASS | vid | loc | name | manuf| WEIGHT | CLAS
S — + + +

3 | Miami | F-150 |Ford | 0.70 | Car

3 | Miami | F-150 | Ford | 1.00 | Truc

| 3| Miami| F-150 |Ford | 0.70 | Car

| 3| Miami|F-150 |Ford | 1.00| Truc

| Miami | F-150 |Ford | 0.70 | Car

| Miami | F-150 | Ford | 1.00| Truc

| Miami | F-150 | Ford | 0.70 | Car

| Miami | F-150 | Ford | 1.00| Truc

3 | Miami | F-150 | Ford | 0.70 | Car

3 | Miami | F-150 | Ford | 1.00 | Truc

| Miami | Caravan | Dodge | 0.80 | Car

| Miami | Caravan | Dodge | 0.90 | Van

4 | Miami | Caravan | Dodge | 0.80 | Car
4
I
I
I
I
4
4

3
3
3
3
I
I

| Miami | Caravan | Dodge | 0.90 | Van
Miami | Caravan | Dodge | 0.80 | Car
Miami | Caravan | Dodge | 0.90| Van
Miami | Caravan | Dodge | 0.80 | Car
Miami | Caravan | Dodge | 0.90| Van

| Miami | Caravan | Dodge | 0.80 | Car
| Miami | Caravan | Dodge | 0.90 | Van
5 | Miami | Mustang | Ford | 1.00 | Car

| 5] Miami| Mustang | Ford | 1.00 | Car
5 | Miami | Mustang | Ford | 1.00 | Car

5 | Miami | Mustang | Ford | 1.00 | Car

| 5| Miami | Mustang | Ford | 1.00 | Car
S + + + +  —

Table 7.6

—+
S|
-—t
k|
k|
k|
k|

K|



7.2.2 Restrict

The restrict operation limits the result by thewsakpecified in the WHERE predicate of the
guery. When used with non-fuzzy data, the restyperation is straight forward. The example in
Query 7.2 demonstrates this operation using nomyfalata both as an example and to confirm
that the incorporation of an RVA within the relatialatabase does not affect the standard
functionality of the database. Query 7.2 seleasattributesid, loc, manufandnamefrom table
VEH_TAMPA where the manuf is equal to ‘Chevroletidadisplays it in Table 7.7. The RVA
attributetypewas intentionally omitted.

mysql-VCU> select vid, loc, manuf, name Query 7.2

from veh_tampa
where manuf = 'Chevrolet";

R S . R R +
| vid | loc | manuf |name |
R R . R R +

| 1| Tampa | Chevrolet | El Camino |
| 2| Tampa | Chevrolet | Camero |
R S . R R +

2 rows in set (0.00 sec)
Table 7.7
The attributetype can also be selected in a restriction as any attiebute. For example, Query

7.3 can be modified to include attribuygeand provide the result shown in Table 7.8.

mysql-VCU> select vid, loc, manuf, name, type Query 7.3
from veh_tampa
where manuf = 'Chevrolet’;
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R S— N N R +--- —t

|vid |loc |name |manuf | WEIGHT |CL ASS |
 — S R S S —— +--- —t

| 1| Tampa | El Camino | Chevrolet| 0.65 | Ca ro|

| 1| Tampa | ElI Camino | Chevrolet| 0.75| Tr uck |
| 2| Tampa | Camero | Chevrolet| 1.00|Ca ro|

B B —— S A T— S —— S — +--- —t

3 rows in set (0.06 sec)
Table 7.8

When the query includes an RVA and there is theessty to specifically restrict on a value
contained in the RVA, the restrict operation is sarhat different. For example, the user cannot
directly access the RVA's attributéass This is becauselassis not an attribute contained in
table VEH_TAMPA. The attributelassis a member of the relation nested in the RVAlaite
type As a result, a user cannot simply speeifiyere class = 'Car'But using the intersection
operator IN, the same result can be obtained. Quegrydemonstrates this feature by selecting
vehicle data from table VEH_TAMPA where the classhe vehicle is 'Car'. In this case, all that
is required is to transform the original selectioran inner join. The restriction provided by the
inner join is sufficient to limit the result set tinly those values appropriate to the request.
Notice that in this case, the WHERE predicate eefees the IN operator and specifies the RVA
restrictions within the nested SELECT of table V PAE. The sequence of the SQL query
entered by the user, the query as modified by #stimy methodbuild_query() based on the
thread elements involved and the final query usa@turn the result set is as follows:
Query: Query 7.4

Select vid, manuf, name, type

From veh_tampa

Where vid in (select vid from v_type

Where class = 'Car");

Thread->Item:
select veh_tampa.vid, veh_tampa.manuf, veh_tammpe.na
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a.class, a.weight, <TYPE for tampa

Thread->Tables:
from veh_tampa as veh_tampa
inner join v_type as a
on veh_tampa.vid = a.vid
and a.class = 'Car');

Final Query:

select veh_tampa.vid, veh_tampa.manuf, veh_tammpe.na
a.class, a.weight,
from veh_tampa as veh_tampa
inner join v_type as a
on veh_tampa.vid = a.vid
and a.class = 'Car");

The Result appears in Table 7.9:

 — R S E ——  — +
| vid | manuf | name | WEIGHT | CLASS |
 — R S E ——  — +

| 1| Chevrolet| El Camino| 0.90 | Car |
| 2| Chevrolet| Camero | 1.00|Car |
| 3|Ford |F-150 | 0.70]|Car |
 — R S E ——  — +

3 rows in set (0.12 sec)

Table 7.9
The functional operations, ‘=, *>’, ‘<’ and everiN’ are contained within the ‘WHERE’
element of the query thread. The ‘greater than'rajen used to evaluate the attribute weight
and the value under consideration are obtainedigffirthe use of thieinc_type(method.
7.2.3 Project
The project operation specifies attributes andaittker in which they will appear in the result.
Continuing the example from Query 7.3, the exangblewn in Query 7.5 selects the attributes
vid, manufandnamefrom table VEH_TAMPA. The attribute loc, shownQ@uery 7.3 has been

excluded from or ‘projected out’ of the selectiamdasubsequent result. Query 7.5 demonstrates
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this operation both as an example and to confirat the incorporation of an RVA within the
relation database does not affect the standardifunadity of the database.

mysql-VCU> select vid, manuf, name Query 7.5
from veh_tampa,;

 — S R —— S P —— +
| vid | manuf | name |
E T S A — S T— +

| 1| Chevrolet| El Camino |

| 2| Chevrolet | Camero |

| 3|Ford |F-150 |

B p— A —  — +

3 rows in set (0.00 sec)

Table 7.10

The purpose of the RVA, however, is to prohibit éhelusion of either element of the ordered
pair necessary to the representation of fuzzy dattact, the primary objective of this research
was to prohibit the individual exclusion of eitr@ass or weight of membership from the result.
So, while it is possible and desirable to accessattributes WEIGHT and CLASS directly by
selecting these values from the unnested table VWH\t is not possible to access values from
the WEIGHT or CLASS attributemdividually from the RVA attribute TYPE. Values from
these individual attributes cannot be directly ased using the SELECT predicate against table
VEH_TAMPA because the attributes contained withia telation nested inside the RVA cannot

be accessed directly. Query 7.6 illustrates whaplas when such an attempt is made.

mysql-VCU> select vid, manuf, name, type.class Query 7.6
from veh_tampa;

ERROR 1054 (42S22): Unknown column 'type.class' in ‘field list'
Selecting attribute TYPE from table VEH_TAMPA reatarboth WEIGHT and CLASS in the
order specified by the RVA type without excepti@®cause table V_TYPE exists in its natural

state as a standard table in MySQL, it can be mimietl and assigned values just as any other
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table using SQL. This point is a very important @seit allows the MySQL processes and the
natural SQL language to affect table V_TYPE jusaag other table in MySQL. That is because
it is a table in MySQL. It is the RVA attribute TYPE thgives this table a special purpose and

constrains the access to its data through the amugans.

7.2.4 Join

As the name suggests, the join operation joinsamwmore tables together to provide one result.

7.2.4.1 Natural Join

To demonstrate this operation, a new table MAINB wedded to the database. The structure of

this table and sample data is provided in Tablg$ @nd 7.12.

+ + + +-- R S — +
| Field | Type | Null | K ey | Default |
+ + + +-- R S — +
| vid |int(11) |NO |P RI| NULL |
| engine | char(20) | YES | | NULL |
| trans | enum(‘Auto’,'Manual’,'Other") | YES | | NULL |
| axles |int(2) | YES | | NULL |
+ + + +-- S +

Table 7.11 - Structure of Table MAINT

R — S S +
| vid | engine | trans | axles |
B — S S —  —— +

| 1|shortblock350 |Manual| 2|

| 2| 323 horsepower V6 | Manual | 2|

| 3|3.7-literV6 |Auto | 2|

R S - S +

Table 7.12 - Data in Table MAINT

Using the data in tables VEH_TAMPA and MAINT, anaexple of a join using non-fuzzy data
is shown in Query 7.7. Query 7.7 provides as amnga to confirm that the incorporation of an
RVA within the relation database does not affeet standard functionality of the join operation

as it is used in the relational database.
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mysql-VCU> select a.vid, a.name, a.manuf, Query 7.7
b.engine, b.trans, b.axles
from veh_tampa as a
inner join maint as b
on a.vid = b.vid;

ot + + + e S — +
| vid | name | manuf | engine | trans | axles |
ot + + + e S — +
| 1| ElICamino | Chevrolet | short block 350 | Manual | 2|
| 2| Camero | Chevrolet| 323 horsepower V6 | Manual | 2|
| 3|F150 |Ford |3.7-literV6 | Auto | 2]

S — + + + s S - +

3 rows in set (0.00 sec)
Table 7.13

This table contains a primary key VID which hasoaefgn key relationship with base table
VEH_TAMPA as well as attributes containing ENGINERANS (Transmission), AXLES

(Number of Axles).

7.2.4.2 Join with Table Containing an RVA

The RVA is, first and foremost, an attribute. Aglsuit can be specified as any other attribute in
the selection of data. The example shown in Queésydémonstrates this operation on a selection

containing an RVA.

The Query: Query 7.8

SELECT veh_tampa.vid,
veh_tampa.name,
veh_tampa.type,
maint.engine,
maint.trans,
maint.axles

FROM veh_tampa as veh_tampa inner join
maint as maint
ON veh_tampa.vid = maint.vid
WHERE veh_tampa.manuf = 'Ford’;

Thread - Item
SELECT veh_tampa.vid,
veh_tampa.name,
a.weight,
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a.class,
maint.engine,
maint.trans,
maint.axles
Thread - Where
FROM veh_tampas veh_tampa
inner join v_type as a
ON tampa.vid = a.vid,
inner join maint as maint
ON veh_tampa.vid = maint.vid
WHERE tampa.manuf = 'Ford’;

Final Query:
SELECT veh_tampa.vid, veh_tampa.name,
a.weight, a.class,
maint.engine, maint.trans, maineax
FROM veh_tampa as veh_tampa
inner join v_type as a
ON a.vid = veh_tampa.vid
inner join maint as maint
ON maint.vid = veh_tampa.vid
WHERE veh_tampa.manuf = 'Ford’;

The Result is shown in Table 7.14

 — S S T R —— tee- R +
| vid | name | WEIGHT | CLASS | engine | tra ns | axles |
 — S S T R —— tee- R +
| 3|F-150| 0.70| Car | 3.7-liter V6 | Aut o| 2|
| 3|F-150| 1.00 | Truck | 3.7-liter V6 | Aut o] 2|
 — S S T R —— tee- R +

2 rows in set (0.01 sec)
Table 7.14

As can be seen, the changes to the original queryedatively minor. All that is required is to
insert the attributes WEIGHT and CLASS and the INNNEOIN on table V_TYPE into the
qguery by the server.

select tampa.vid, tampa.name,a.weight,a.classtrmagine,maint.trans

from veh_tampa as tampa inner join v_type as a.@d = tampa.vid,
inner join maint as maint on maint.widampa.vid where tampa.manuf = 'Ford’;
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7.2.4.3 Join on Two Relation Valued Attributes

The ability to join two tables based on the valaestained in a common RVA is theoretically
possible. This functionality, however, is not ygaidable in the current version of MySQL but
may be included in future research and a briefudision of this operation is appropriate here.
Because an RVA is an attribute, the precept shovwuiery 7.9 is a valid SQL condition.
SELECT A.VID, A.LOC AS LOC1, B.LOC AS LOC2, Query 7.9
A.NAME, A.MANUF, A.TYPE
FROM VEH _TAMPA AS A
INNER JOIN VEH_MIAMI AS B
ON A.TYPE =B.TYPE;

But because an RVA is also a relation, we are éisdlgrsaying that the SQL precept shown in

Query 7.10 is the same as the contrived preceptrsimQuery 7.11:

ON <TABLE A> = <TABLE B> Query 7.10

ON A.MY_RVA.Attrl = B.MY_RVA Attrl Query 7.11
AND A.MY_RVA.Attr2 = B.MY_RVA.Attr2

AND A.MY_RVA.Attr3 = B.MY_RVA.Attr3

And so on until all relation attributes and allriites in the RVA relation are specified. This
precept, too, is a valid SQL condition. If the S@kre modified to accommodate Query 7.11,
this precept would also be valid. In fact, specifyall of a table’s attributes in the join conditio

is not uncommon. The result of joining two tablesam RVA as shown in Query 7.10 is shown

in Table 7.15.
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VID LOC1 LOC2 Name Manuf Type

1 Tampa Miami El Camino | Chevrolett Membership Class
0.90 Car
0.60 Truck

3 | Tampa | Miami | F-150 | Ford Membership Class
0.70 Car
1.00 | Truck

Table 7.15

The RVA field type behaves exactly as one would expect any attributbehave. It is not
necessary to specify the tables associated Wwigiecontained in relations, namely VEH_MIAMI
and VEH_TAMPA, because the knowledge and suppottbie for both is V_TYPE. And, in
the end, the individual relations contained in RMA remain encapsulated within the attribute
Type Here again, th®embershipandClassattributes contained withifypeare inseparable.
7.2.5 Intersection
Unlike a number of other SQL products, MySQL does support a true INTERSECTION set
operator. The functionality behind the INTERSECTI@Neration can, however, be obtained
using the ‘IN’ operator as shown in the examplebel

SELECT <fields to be selected>

FROM <table a>
WHERE (value) IN (SELECT value
FROM <table b>
WHERE <value poade>);

In an example using the test database used t@dims, in intersection could be created joining
tables VEH_TAMPA and VEH_MIAMI on the value MANUF Ford’. The intersection, then,

is the records associated with VID = 3 as thihésdnly record present in both tables where the

MANUF value = ‘Ford’ and the VID values are equabioth tables.

Query:
SELECT veh_tampa.vid, Query 7.12
veh_tampa.loc,
veh_tampa.name,
veh_tampa.manuf,
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veh_tampa.type,
veh_miami.vid,
veh_miami.loc
FROM veh_tampa as veh_tampa inner join
veh_miami as veh_miami
ON veh_tampa.vid = veh_miami.vid
WHERE veh_tampa.vid IN (SELECT vid
RGM veh_miami
WHERnanuf = 'Ford’);

In some ways this selection is much more complecaR that attribute VEH_TAMPA-TYPE is

a relation valued attribute and so, in many walys, adds a third table to the selection. In other
ways, however, the use of the RVA table V_TYPE difies the query. The ‘IN’ portion of the
WHERE predicate is incorporated into a nested inoer just as was done in the restriction
described in Section 7.2.2. The changes made tedlleetion in order to accommodate the RVA
are shown below:

Thread=->Item:

SELECT veh_tampa.vid,
veh_tampa.name,
veh_tampa.manuf,
a.weight,
a.class,
veh_miami.vid,
veh_miami.loc

Thread->Tables:

FROM veh_tampa as veh_tampa
INNER JOIN v_type as a ON veh_tampa.vid =d.vi
INNER JOIN veh_miami as veh_miami
ON veh_tampa.vid = veh_miami.vid
AND veh_miami.manuf = 'Ford’;

Final Query:
SELECT veh_tampa.vid,
veh_tampa.name,

veh_tampa.manuf,
a.weight,
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a.class,
veh_miami.vid,
veh_miami.loc
FROM veh_tampa as veh_tampa
INNER JOIN v_type as a ON veh_tampa.vid =d.vi
INNER JOIN veh_miami as veh_miami
ON veh_tampa.vid = veh_miami.vid
AND veh_miami.manuf = 'Ford’;

The result is shown in table 7.16:

B — A — B —— B —— S — B — T — B —— +
| vid | loc | name | manuf | WEIGHT | CLASS | vi d|loc |

B — A — B —— B —— S — B — T — B —— +
| 3| Tampa|F-150 | Ford | 0.70 | Car | 3 | Miami |
| 3| Tampa|F-150 | Ford | 1.00 | Truck | 3 | Miami |
B — A — B —— B —— S — B — T — B —— +

2 rows in set (0.16 sec)
Table 7.16

7.2.6 Non-RVA Tests

In nesting the RVA relation within the base relafidhe relation contained within the RVA
attribute is joined to the base relation. As a Itegbe final queries shown in the previous
sections are precisely what would be required ér¢hwere no relation valued attributes. But
there is one major difference and that differersca critical one. Section 7.2.3 describes the fact
that when using an RVA any attributes containedhiwian RVA cannot be ‘projected out’ of the
result. Through the use of RVA's all attributes @oned within the nested relation will always
be represented. This is particularly important wdealing with fuzzy data as a class without a
weight of membership or a weight of membership autha respective class renders the result
fairly meaningless. Query 7.12 demonstrates a qagaynst tables VEH_TAMPA and V_TYPE
without specifying the RVA attributeype As a result, the vehicle’s class can be projeotedf

the result. The query from section 7.2.2 is usedabunterest. The attributa.classis absent
from the query used in section 7.2.2:

select veh_tampa.vid, Query 7.12

158



veh_tampa.manuf,
veh_tampa.name,
a.weight
from veh_tampa as veh_tampa
inner join v_type as a
on veh_tampa.vid = a.vid
and a.weight > 0.6;
Without the use of an RVA, this sort of represantatvould be quite easy to achieve. With an
RVA, however, this sort of representation wouldifmg@ossible to achieve as was demonstrated
in Section 7.2.3.
7.3 Metrics
To be acceptable to the relational model, the teslubny query must be both accurate and
complete. Using the RVA within MySQL satisfies baththese requirements.
7.3.1 Accuracy
As previously stated, a fuzzy data value is a $€c@®) pairs. The RVA data type must both

maintain the atomicity of thecf) pair and return the values contained within eaelr

accurately for the associated object as maintaimedll pairs in the nested relation.

Let Accuracy = [0,1] where 1 is total accuracy &id total inaccuracy. Equation 7.1 states that
the ratio of completec(v) pairs returned to the number of possilide)(pairs existing for an

object is 1 when allo(V) pairs are accurately returned and 0 when nonearectly returned.

The number of complete.{) Equation 7.1

Accuracy =1 -
uracy The number ofd,V) pairs

7.3.1.1 Accuracy in Systems without RVA Data Types

Current systems that do not possess the conspnavided by the RVA can return an inaccurate

result from a poorly written query. As Equation Tllstrates, if a query were to neglect to
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specify both attributes required for the§ pair in the result for the associated objectftirzy

data values for each object can be incorrect.

7.3.1.2 Accuracy in Systems with RVA Data Types

It is not possible to return an inaccurate fuzztadalue when using an RVA. Through the use

of an RVA, the accuracy of the fuzzy data valuguaranteed to be 1.

7.3.2 Completeness

All requested(c,V) pairs associated with an object in the nestildetanust be returned when

requested.

Let Completeness = [0,1] where 1 is complete amslifcomplete. Equation 7.2 states that the
ratio of all €,V) returned to the number of possibtgy] pairs existing for an object is 1 when all

(c,v) are returned and 0 when none are returned.

The number of(V) pairs returned Equation 7.2
The number ofd,V) pairs in fuzzy data value

Completeness =

7.3.2.1 Completeness in Systems without RVA Data Types

In systems without an RVA data type, it is possildenrite a query that excludes sonogv)
pairs from a result. Using the vehicle databaseudised throughout this dissertation, it is
possible to write a query that returns only Carg & requirement of the user to know all classes
associated with an object and to maintain any ech@dueries in such a way that new classes,

such as 'SUV', are returned with the result ofzzywata query.

7.3.2.2 Completeness in Systems with RVA Data Types

In systems using an RVA data type, it is not pdesib omit a ¢,\) pair unintentionally. The
result can be restricted to only those desirediflndt specifically restricted, completeness using

the RVA data type is guaranteed to be 1.
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7.4 Conclusions

The system validation demonstrated that the systedesigned, implemented and used satisfied
all of the established goals. The system demaestrhat the incorporation of an RVA into a
relational database system provided an enhancedbitip while not affecting normal
functionality. The system also appropriately adtete the relational model through a
demonstrated ability to obtain the Cartesian Prbdad perform the Restriction, Projection, Join

and Intersection operations necessary to the udeotlational database.
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Chapter 8 - Non-Fuzzy Application

8.1 Benefit of an RVA in a Non-Fuzzy Application

While the purpose of this research has been to dstrate the benefits of relation valued
attributes in support of the particular needs afzfudata, it should be noted that RVA'’s provide

general purpose benefit as well. To illustrateube of an RVA in a non-fuzzy data application,

Tables DEPT and D_ROOM were created (See Tablesgl B.2):

Field Description Type Key Default
CODE Dept. Code Char(3) Yes
NAME Dept. Name Char(15) No
HEAD Dept. Head Char(15) No
ADMIN Dept. Admin | Char(15) No
CONTACT | Dept. Contact| Char(8) No
@table:D_ROOM@key:CODE@fields
ROOM Room RVA RVAChar(120) No NUMBER_TYPE,AVAIL.NETWORK:
Table 8.1 - DEPT
Field Description Type Key Default
CODE Dept. Code Char(3) Yes
NUMBER Room No. Char(4) Yes
TYPE Room Type Enum('Meeting','Patient’,'Officelratory’) | No
AVAIL Available? Enum(‘Y’,’N’) No 'Y’
NETWORK | Networked? | Enum('Y’,’N’) No Y’

Note that DEPT attributeoom is specified as an RVAChar with the requisite klemge
provided as the default value. The data providedHe two tables is shown in the screen shots
from the system below. The attributgom was left off of the query against table DEPT sat th
only the base data within table DEPT was displayeelcall that any time an RVA field is

selected, the nested data contained within the R\&ribute will be displayed as a part of the

result.

Table 8.2 - D_ROOM
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myusgl-UCU> select code. name. head. admin. contact from dept;
—————— —————— e —————— e ———————— —_————————— +

Albright
Simms
Johnson

452-3354
452-3376
452-33489

Oncology

Obstetrics Steward

General Practic

o
o
$ o ==
o

in set (B.08 secl
Table 8.3 - DEPT Data

Patient
Patient
Office
Office
Patient
Patient
Office
Patient
Patient

- . - mm e B

e T
e T
e T

1A rows in zet (H.

Table 8.4 - D_ROOM Data

When the table DEPT is queried with the RVA atttébincluded in the selection clause, the
following example illustrates the result that woude returned. (NOTE: Due to the output and
formatting limitations of the console, attributadmin and contact were excluded from this
query.) As can be seen, the RVA attribraemreturns the room data associated with each of the
Departments as a relation containing attribuesbery type avail andnetwork As a result, this
simple query returns a much more significant resppra response limited only by the
knowledge value specified in the RVA. But, becaule attributeroom is an RVA, the
cardinality of this result is still only 4 with andex of only 3 tuples.

The Query: Query 8.1

SELECT CODE, NAME, HEAD, ROOM
FROM DEPT.
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The Result is shown in Table 8.5:

Oncology
Oncology
Oncology
Oncology
Obztetrics
Obztetrics
Obstetrics

+
1
1

+
1
1
1
[
1
1
1
[
1
1
1
[
1
1
1
[
1
1
1
[

+

General Practic
General Practic
General Practic

Jamizon
Jamizon
Jamizon
Jamizon
Steward
Steward
Steward
Cho

Cho

R ——

18 rows in set (A.H@Y sec

Table 8.5 - The Result

164

R ——

Patient
Patient
Office
Office
Patient
Patient
Office
Patient
Patient
Office

R ——
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Chapter 9 - Representation of Fuzzy Data

9.1 Types of RVA Representation

There has been much debate as to the representditionzy data in a result set. Below are the
two representations under consideration using #te contained in sample table VEH_TAMPA.
The query used to obtain this result is a simpk on

SELECT vid, loc, name, manuf, type Query 9.1

FROM veh_tampa;
The result of this query could be provided to tlserun one of two formats, either a standard

grid or a grouped grid format as shown in Tabldsatd 9.2:

VID LOC NAME MANUF WEIGHT CLASS
1 Tampa El Camino Chevrolet 0.90 Car
1 Tampa El Camino Chevrolet 0.60 Truck
2 Tampa Camero Chevrolet 1.00 Car
3 Tampa F-150 Ford 0.70 Car
3 Tampa F-150 Ford 1.00 Truck
Table 9.1 — Standard Grid Representation
VID LOC NAME MANUF TYPE
1 Tampa El Camino Chevrolet WEIGHT CLASS
0.90 Car
0.60 Truck
2 | Tampa | Camero | Chevrolet | WEIGHT CLASS
1.00 Car
3 | Tampa | F-150 | Ford WEIGHT CLASS
0.70 Car
1.00 Truck

Table 9.2 — Grouped Grid Representation

Table 9.1 is the format currently returned by thelementation in MySQL. As the MySQL

server accumulates the data in response to a quetpres the data in a buffer packet. At the
conclusion of the query, the buffer is flushed ahd result is sent to the client in its raw,
structured format. As can be seen in this reprasient each line of the RVA is associated with

the non-RVA attributes which consist of the baddetaThe representation displayed in Table 9.2
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shows the RVA as it is associated with a singlg@lduof the base table attributes. There are
clear advantages and disadvantages to both repméeas. In fact, the choice of representations
may become merely a design issue based on userAeadesult, the following sections do not
resolve this debate, but merely seek to discuss védr@us costs and benefits of each
representation.

9.1.1 Standard Grid Representation

The primary benefit of the standard grid repredeids the fact that is represents the data in a
format that the user is accustomed to seeing. Wthierelation is obviously in First Normal
Form only, each of the WEIGHT and CLASS tuples aored within the RVA are seen as

associated with its base relation.

Another, not inconsiderable, benefit depends on ti@wser interacts with the MySQL server.
If the user is accessing data through the consaldemn a query—> result fashion, the
transaction is completed when the result from thery is returned to the user. If the user is
accessing the server using the MySQL workbench elew the interaction between client and
server is more interactive. The result returneal temporary and active relation consisting of the
data resulting from a specific query with open $n& both the tables and attributes involved. As
a result, a change to the temporary relation ismsamcated to the involved tables and their
attributes as a modification. In this way, the dedanprising such representations of the RVA
and its base relation could be maintained as desmagation rather than individually as would

otherwise be the case.
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9.1.2 Grouped Grid Representation

The grouped grid representation is one in whichRKé tuples are contained with a single tuple

of the base relation. In such a case, there isglesinstance of the base relation tuple and any
number of tuples contained in the representatiothefRVA nested relation. Date argues that
such a representation is il® MNormal Form!®” given the structure of the representation

consisting of a single normalized base table taple any number of tuples normalized within

the RVA. The primary benefit here is the clear aisassociation of the RVA as a relation with a

tuple with both an attribute headinlyge and attribute names displayed for all attribwtethin

the relation. In using the standard grid represema this visual association is potentially

diminished depending on the perspective and aofitiye user.

It would be a fairly straight forward exercise toodify the database system to return this

representation.
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Chapter 10 - Formal System Study

10.1 Overview

A formal system study plan was developed and subdito the University'dnstitutional
Review Board (IRB) for exemptio.he exemption was approved on 28 November 201. Th

chapter details the goals of the study and thesdtdqen to achieve these goals.

The purpose of this study was to gain input froodsnts in Computer Science, Information
Systems and Bioinformatics. This input providedrtiesight into three major areas of interest in
the use of RVA's in the support of fuzzy data. Tinst of these areas was the acceptance and
understanding of fuzzy data by the user commuhitxw intuitive was the concept of fuzzy data
and did they feel it had relevance in the ‘real idorSecondly, the study sought to gain insight
into two different representations of fuzzy datangsRVA’s. One representation was the
standard grid. The other was a grouped grid. Thirthe study provided the users with an
opportunity to try to break the association betwesn entity’s class and its weight of
membership. Perhaps the most important purpodeiofdsearch was to devise and demonstrate
a means by which a constraint could be applietiéduzzy data value representation that would
preclude the separation of class from its assatiatight of membership.

10.2 Preparation

An application for an exemption from tHBB was required to proceed with the study using
students from the University as participants. Qigeexemption was obtained, participants from
the University’s student body were recruited andirggements made for University resources

such as facilities, computers and presentationpegemt. At this point, a presentation outlining
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the subject matter of the research, research olecand a script reflecting these objectives
were developed.

10.2.1 Application to the Institutional Review Board

In October 2012, an application was made to.IRBe study would neither collect nor maintain
any personally identifying information on the paigants. Nor would the study be in any way
invasive. In light of these points, the applicatiom perform the study (Appendix E) was
submitted and subsequently approved for exemptyahd IRB on 28 November 2012.

10.2.2 Recruitment

The target demographic of participants for thisdgtuconsisted of both graduate and
undergraduate students from Computer Science, nh@on Systems, Business and
Bioinformatics. It was believed that this demograptvould possess the necessary level of
education and familiarity with information systerasd the requisite ‘mind set’ to provide
meaningful feedback and insight into the system @s@arch topic under review. In order to
recruit and attract this demographic, a number ro#f [presentations were made in selected
classes. Information sheets reiterating the studyrpose and the contact information necessary
to reserve a place in the study were left withghelents and posted in common areas.

10.2.3 Preparation

A study script was prepared that reflected thecilyjes of the operations to be performed. These
objectives included information on functionalitydaprovided a level of heuristic perspective.
Using these study objectives as a guide, the negtwgas to prepare a lesson plan that provided a
basic, minimum level of SQL knowledge to complete steps contained within the study.

Thirdly, an overview presentation was preparedntooduce the participants to the concepts
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pertaining to fuzzy data and RVA'’s. Lastly, flastivds containing the working systems and the

database to be used for the study were preparexhédr user.

10.2.3.1 Study Objectives
The study being performed had the following primaloyectives.
¢ Did the system function as designed and developed?
e Did the use of an RVA data type obey the dictatab@relational model?
¢ Was the representation of fuzzy data easily undedstble?
e Was it possible to separate an entity’s class agdhw of measurement using an RVA?
e Which representation of the RVA was preferred ahg?v

e Was the use of an RVA type attribute in the SQLststent with the use of other data
types?

e What was the user’s impression of using an RVA tigia for purposes other than fuzzy
data?

In support of these objectives, a test script wesighed using a mix of exercises, open ended
guestions and closed questions where the participas asked to rate a particular aspect on a
scale of 1 to 5. The test script was loaded orftash drive and when complete, the script could
be saved and sent by the participant using untyeesnail to the research team for review and

analysis. Once received by the research team,ctiif@sswould be downloaded, given generic

names in numbered sequence and any identifiableciagen with a participant would be

destroyed.

10.2.4 Heuristic Tests

While system testing is an important componenthm @nalysis and validation of how relation
valued attributes are used in the support of fudatgp, heuristic testing can also provide valuable

insight into user and community acceptance of #pproach. In his paper describing the ten
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most important heuristic system tests, Jakob Nielis his top ten usability heuristi¢d.
While not all of these heuristics apply to the ab&VA'’s, a number are applicable and useful in
the evaluation of the finished system and user@acee of the system. The following section
lists the heuristics deemed pertinent to the stfdye system and Nielsen’s description of their
use.

Visibility of system status
The system should always keep users informed about what is going on, through
appropriate feedback within reasonable time.
Does the result coincide with user expectations?
e s the feedback provided by the result, i.e. number of records and layout,
intuitive and meaningful?
Match between system and the real world
The system should speak the users' language, with words, phrases and concepts familiar
to the user, rather than system-oriented terms. Follow real-world conventions, making
information appear in a natural and logical order.
e Does the user see a real world application for fuzzy data?
e Does the user see the benefit of using an RVA in support of fuzzy data?
Consistency and standards
Users should not have to wonder whether different words, situations, or actions mean
the same thing. Follow platform conventions.
e |[sthe request (query) of fuzzy data consistent and logical?
Error prevention
Even better than good error messages is a careful design which prevents a problem
from occurring in the first place. Either eliminate error-prone conditions or check for
them and present users with a confirmation option before they commit to the action.
e Are the error messages appropriate?
e Do the error messages make sense?
e |[sthe system reliable?
Aesthetic and minimalist design
Dialogues should not contain information which is irrelevant or rarely needed. Every
extra unit of information in a dialogue competes with the relevant units of information
and diminishes their relative visibility.
e Are query constructs sufficient?
e Are query constructs excessive?
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10.2.5 Training

While the participant population was well educataad familiar with a wide range of
information systems, it was imperative that theeeabdegree of surety in at least a minimum
level of competence using the database query lag@g8&L. To ensure this competence, a brief,
interactive SQL practicum would be held to impdre tnecessary level of knowledge and
understanding to effectively participate in and ptete the study.

10.2.6 Overview of Fuzzy Data and the Role of the RVA

In order to carry out a system study on the usanoRVA data type in support of fuzzy data,
users needed to be provided with a certain levédnofwvledge and understanding of the what
fuzzy data was, how it might be represented andotbblems inherent in that presentation. It
was important, however, that participants not belenaxpert’ in either fuzzy data or relation
valued attributes. The approach used for this stwadg to obtain the perspective of the
participant and a fresh insight rather than haeepidwticipant merely parrot back the perspective
of the presenter. In support of this approach,i@pants would be given a brief overview of
fuzzy data, RVA’'s and the objectives behind theeagsh. It was anticipated that as they
progressed through their evaluation, the partidipagrasp of both RVA’s and fuzzy data would
evolve.

10.2.7 Working Systems

Prior to the commencement of the study sessiosh fthives containing the modified MySQL
database client/server system with an accompanyesy database complete with tables
containing RVA type data attributes were put onheaamputer in the laboratory utilized for the
study. During the interactive SQL training sessparticipants would be able to interact with

MySQL as appropriate to reinforce the training @pts and eventually carry out the study steps.
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During the training session, and presentationsgtpre would be available to answer questions
or address any technical issues that might ariséhedconclusion of the study, participants were
allowed to take the flash drive with them in appa®on for their participation.

10.3 Study Results

Of the 55 participants, 31 completed or partiallynpleted study scripts were returned. While
this number is not statistically viable, it wasfstiént to meet the study objectives by providing
antidotal observation and insight.

10.3.1 System Functionality

The computers used for the study had significanursély and ‘terminal stay resident’ (TSR)
software running to ensure system protection amd walidation. As a result, while the system
functioned well and was sufficient for testing,wls not as stable as the system used for
development which had greater memory, an updatedatipg system and fewer constraints on
the operations. It was determined that reliabilitgreased when the result returned from a query
was limited through the use of a restriction in tieHERE’ predicate. As a result, some
participants were allowed to restrict their reswhich, while returning fewer records,
accomplished the goal sufficient to the requirem@ifthe study step.

Over all, however, the system functioned satisfilgtand returned the expected result for each
step in the study.

10.3.2 Adherence to the Relational Model

The study further validated that the system asgdesi and developed adheres to the
mathematical dictates of the relational model. T tend, the study included queries that

required the participants to carry out a projeestrict and intersect operations on two related

173



tables using standard SQL. The results obtainedhiee RVA typed attribute was specified was

presented accurately and appropriately in the resuihe relation associated with each entity.

A separate step in the study challenged particgpdat try to write a query that would
intentionally exclude either the class or the weighmembership from the RVA attribute’s
result. None of the participants were successfiddoomplishing this objective despite quite a
number of very serious attempts.

10.3.3 User Acceptance

The ability of the user to understand and grow stmrued to the use of an RVA had a number of

factors of interest.

10.3.3.1 Displayed View

How the RVA containing the fuzzy data was represeémh the result was a major factor for the
users. While discussed in greater detail in Cha@tensers seemed to prefer to see both the
attribute namedHair as well as the RVA relation’s attributé¥¢eightand Classdisplayed in the
heading of the result.

10.3.4 Enforced Constraint on Ordered Pair

The primary focus of this research was to devisayin which a fuzzy data value consisting of
the ordered pair class and weight of membershipgdcbe constrained in such a way as to be
indivisible through selection. In keeping with ghiobjective, the study challenged the
participants to devise a way, using the SQL, tcas®p either class or weight of membership
from the other member. This challenge was accefatesich a degree by the participants that,
unfortunately, more than a few concentrated so iheaua breaking this pair that there was not

time enough to finish the rest of the study questidelow are some of the methods attempted
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or comments describing how the pair might be sépdPaNone, however, were successful in
writing a query that overcame this challenge as ot possible, using the RVA, to separate or
exclude class or weight of membership from the ltedlor is it possible to order the relation
returned in a way contrary to that specified in\éA’s knowledge.

e “The weight and class are meaningless if we exclugeto another.” Which is both correct
and concise.

e “| tried numerous ways to separate them, includielgcting all attributes except weight (but
of course that is part of hair). So, stumped.” Nii& this was only the second question in
the study and already the realization into theocaitmportance oboth attributes was taking
hold.

e “Select ekey, last, first, hair from emp where Hairweight; This is just my suggestion. |
really have no idea.” A number of similar SQL apmbes were attempted, but because
neither Class nor Weight were attributes of table EMP, neither could beeased nor
excluded.

e “mysql-VCU>Select ekey, first, mi, last, dob, hair.class framP;

To be more specific, suppose hair consists of vieigiior, and length, the query excluding
only weight would be written as

mysql-VCU>Select ekey, first, mi, last, dob, hair.weight, Hamgth from EMP;”
This participant provided two example SQL staterseBbth were actually tried and failed
since class is an attribute containing a table,ibubt itself a table. Still, it was impressive

that this user was already considering an attrilnite a compound structure and had even
given the compound member a syntax.

10.3.5 RVA Representation

During the early stages of research there was st@hate as to which representation was more
appropriate for the use of an RVA. In the end, deeision as to how to display an RVA in a
result was a design decision, one of preferencee@me result was obtained by the server, the
representation of the result could be shown ingmsaly, one of two different ways. In
development, the representation shown in Table wa$ chosen. In order to gain insight and

perspective from this user community, however, ip@dnts were given examples of the two
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different representations of the RVA in an exampésult and asked which was more

understandable and which was more accurate. Thegpresentations shown below contain the

exact same data, but in different formats.

EKEY FIRST Ml LAST AGE CLASS WEIGHT
16 Charles w Backman 88 Grey 0.50
16 Charles W Backman 88 Black 0.60
17 Bill H Smith 52 Brown 0.75
17 Bill H Smith 52 Grey 0.25
17 Bill H Smith 52 Blonde 0.15
Table 10.1 — Standard Grid Representation
EKEY FIRST Ml LAST AGE HAIR
16 Charles W Backman 88 CLASS WEIGHT
Grey 0.50
Black 0.60
17 Bill H Smith 52 CLASS WEIGHT
Brown 0.75
Grey 0.25
Blonde 0.15

Table 10.2 — Grouped Grid Representation

It should be understood that neither representatomght or wrong. The objective here was

simply to ascertain which representation made rmense to the users and why.
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10.3.5.1 Understandability

By a fair margin, participants offered that theresgntation shown in Table 10.2 was the most
understandable. The comments suggest that theeetwerreasons for this opinion. The first is
that unlike the Standard representation, the Grduepresentation actually shows tHair
attribute in the heading. Table 4.16 does not anths user is left wondering why they selected
Hair and gotClassandWeight Of courseClassandWeight are Hairand in time, with practice
and experience, this new perspective would be &edeBut the representation in Table 10.2
requires no practice or experience. Hair is inrégglt and it is shown to consist Gfassand
Weightwhich, to most, made the most sense. The secomsdrresas that the multiple lines of
employee information in Table 10.1 seemed redunttaat number of participants. Table 10.2
did not contain this ‘repetition’ and so had a aler’ appearance. To those who believed that
Table 10.1 was the more understandable represamthidwever, it was this very repetition that
seemed to appeal to them. To them, the repetitiadenit clear whiclClassandWeightwent
with which employee. These participants, now pasegssome experience and a growing
familiarity with an RVA and had no problem pickingt the attributes which comprise the RVA
Hair. Some of the relevant comments from both pointge# are provided below.

e “<Grouped> is more understandable because with@ustb label of hair, we have no idea
what the .50 grey even means. The hair is 50% gM? can't tell without using
<Grouped>.”

e ‘| think <Grouped> is more understandable becatsoesn't repeat a lot of the same
information from the two people.”

e “<Grouped> is more understandable but | can see k&tandard> might be more
understandable to someone who is more familiar vittie computer programming.
<Grouped> looks neater and the information isezdsi pick out at first glance.”

e “<Standard> because even though the names arateelpd is easier to go line by line and
read the data.”
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10.3.5.2 Accuracy
The information in Tables 10.1 and 10.2 are exatiiy same. Neither is technically ‘more
accurate’ than the other and yet because of impresexpressed in Section 10.3.5.1, there
seemed to be a ‘prejudice’ toward a greater acguradable 10.2. While the comments were
not as verbose in this question, some of the cortsree telling. Also telling is the concept of
credibility. If a particular display gives even semf these more informed users more confidence
in the accuracy of the data represented, this dente is significant.
10.3.6 Consistency of Use
An RVA is an attribute with a more complex dataisture, specifically a relation. So, when the
RVA is included in a query, its use and operat®no different than any other attribute. When it
is used to restrict the result as it is in the WHHERedicate of a query, the use of an RVA is not
consistent. This inconsistency is the result offda that while primarily an attribute, it is alao
relation. The characteristic that gives the RVAsitieength in being used to encapsulate a fuzzy
data value requires a somewhat complicated apptoath use in restricting the same fuzzy data
value to a specific value. When asked to selectl@ygps whose hair was ‘black’, participants
were required to write a query similar to that shdvelow:
SELECT ekey, first, last, hair Query 10.1
FROM emp
WHERE ekey IN (SELECT ekey
FROM ehair
WHERE class = 'black’)
Because the attribut@lassis not accessible through the attribtitair, the user is required to
obtain the employee kefgkeyfrom a nested select of the table EHAIR. In theywthe results

returned by the query are restricted to only thesgloyees whose hair is black. Note that this

allows the selection dflair to be restricted on an attribute of EHAIR andrngehain inaccessible
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in the select clause. A number of participants nthdevalid point that it would be much easier
to simply write the query to say:
SELECT ekey, first, last, hair Query 10.2
FROM emp
WHERE class = 'black’

This would be easier for the user. Ellassis not an attribute of table EMElassis an attribute
in the relation nested within the RVAair. But Ekeyis an attribute of table EMP. It is also an
attribute of table EHAIR and s@lasscan only be used to select the value of the common
attribute Ekey while restricting the result in tipgery to only those employee’s who have some
membership in th€lass= ‘black’.
10.3.7 Use of RVA’s Outside of Fuzzy Data
During the initial stages of research, the suggasivas made to expand the use of the RVA
beyond its use solely for the representation okzyudata. Nothing had to change during the
development of the RVA data type to accommodate ghggestion. When an RVA data type is
included in the definition of a table, three pieoé&nowledge are assigned as a default value to
the attribute:

= Table: The name of the table that contains tha ttabe nested within the RVA.

= Key: The key of this table that is common to thiel¢ containing the RVA.

= Fields: Any number of fields within the nestedléahnd in the order of their appearance.
In the case of fuzzy data, the knowledge assignélet value of an RVA might appear as:

@Table:EHAIR@Key.EKEY @Fields:CLASS,WEIGHT,;

This knowledge tells the server that the RVA wheist of data from table EHAIR which has
the common key EKEY and will consist of the EHAIRridutesClassandWeight As there is

no restriction on the table, key or fields that denspecified in the RVA’'s knowledge string,

there is no restriction on the size or scope ofdhat returned by the use of an RVA in a table
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selection. To illustrate and confirm this functdity, two tables were included in the test
database, DEPT and D_ROOM. Examples of these tatileg structure and the test data

included appears below.

CODE NAME HEAD ADMIN ROOM
001 Oncology Jamison Albright

002 Obstetrics Steward Simms RVA: D_ROOM
003 General Practice Cho Johnson

Table 10.3 - DEPT

CODE | NUMBER TYPE AVAIL NETWORK
001 2101 Patient N Y
001 2102 Patient Y N
001 3405 Office Y Y
001 3406 Office Y Y
002 2103 Patient Y Y
002 2104 Office N N
002 4001 Patient N N
003 2105 Patient Y Y
003 2106 Office Y N
003 3408 Office N Y

Table 10.4 - D_ROOM
Unlike the RVA data type configured to support fyatata, the only change required of the
RVA data type ROOM to configure it to support tleguirements of the DEPT table was to
include the desired fields from table D_ROOM in B¥A's knowledge as follows:
@Table:d_room@Key:.code@Fields:number,type,avavi,ort
In this step, participants were asked what theyebetl would be the result of the following
guery against table DEPT that included the attalRdom
SELECT code, name, head, room Query 10.3
FROM dept
WHERE code = '001’;

In this caseRoomis an RVA which contains the knowledge necessaryafi but the key field

Codein table D_ROOM to be nested within it. The réssishown in the Table 10.5.
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+ + + + + - S +

| code | name |head |NUMBER |TYPE |AV AIL | NETWORK |
+ + + + + +--- S E— +

| 001 | Oncology | Jamison | 2101 | Patient | N |Y |

| 001 | Oncology | Jamison | 2102 | Patient | Y |Y |

| 001 | Oncology | Jamison | 3405 | Office | Y |Y |

| 001 | Oncology | Jamison | 3406 | Office | Y |Y |

+ + + + + +--- S E— +

Table 10.5 - Query Result
By this time, participants were nearly through witle study questions. For as long as 30 to 40
minutes, participants had applied themselves tdasle They had been introduced to RVA’s and
had written queries to obtain RVA’s consisting vty data. And they generally appeared to be
flagging which may explain the inconsistency in tiesponses to the study questions. Almost
uniformly, participants responded that a query m@sfatable DEPT, despite seeing an RVA
attribute in the table structure and a table nassedated with that attribute, responded that the
guery would return the data contained in table DERGt a single mention was made of the data
contained in table D_ROOM. And yet when asked @ thsult of this query met with their
expectations, the response was almost uniformlly thigt the data contained in Table D_ROOM
was as expected. “Matched perfectly with my exgemta.” Some responses, however,
displayed some understandable confusion as thesewre either very high or very low with
few in the middle. This was not fuzzy data. The riegsion had certainly been given that RVA’s
would be used for fuzzy data. There was no exgectain the part of the user that RVA’s
should or would be used for anything else. Andtletfact that so many accepted the presence
of data from table D_ROOM in the result when saéhgcthe attributeRoomclearly indicates a
growing understanding and acceptance of RVA’s &edl tuse in the support not only of fuzzy

data, but of any data where encapsulation is aoitapt factor.
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Chapter 11 - Conclusion

11.1 Restating the Problem

The complex nature of a fuzzy data value requiredata structure and representation that
supports a set of ordered pairs of values)(?. The values contained in this pair represents the
data'sclass, c,consisting of any number of enumerated charatitenalues within a domaig

= {Universe of possible classeds suchc & C. The other valuay, is in the intervalw =[0,1]

which is the fuzzy data valueigeightor degree of membershgnd indicates the membership

associated witle.

There are two significant challenges to the repred®n €,w). The first is that one element
without the other element of the pair is meaningl@he second challenge is that a fuzzy data
value consists of a set of such pairs. To represdmtzy data value in a database it is necessary
to represent the set af,{y) in such a way that neithemorw can be retrieved without the other
and that a system supporting such data providenens to support a set of suchwj pairs for

an associated object.

Current database management systems do not havabilitg to enforce a constraint which
would ensure the requisite atomicity of the ordepadt associated with the fuzzy data value
while at the same time accommodate the variablebeurof such pairs potentially contained

within the value.

The goals of this research were two fold. The fys&al was to design and engineer an RVA on

the server of the open source DBMS MySQL that cquiolvide the complex data structure
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necessary for the representation and retrievalzdyf data. This design must allow fuzzy data to
coexist in every respect with crisp data using stendard SQL language. The new data type
needed to be flexible and easily configured usimg dtandard SQL language and present the
fuzzy data value to the user in an understandaidenzeaningful way. But most of all, the new

data type must adhere to the tenets establishébdaelational model.

The second goal was to assess the understandadglitysand acceptance of fuzzy data on the
part of users not involved with the research. Tetdgy, after all, can be well designed and
implemented, but if not well understood and us&iithe community has little value.

11.2 The Use of 'Knowledge'

By using the 'knowledge' approach, the basic fonetity of the server was not changed, but it
was enhanced. The 'knowledge' approach providedstraint on the data contained in the result
by default. No new constraints needed to be cretesiccomplish this critical aspect of the
design. Further, the data contained in the RVA a@®ssible outside the RVA. Its structure, the
data contained within it, all could be changed ioletshe RVA or the nesting table without
affecting base relation in any way. And lastly, kmowledge can be simply changed to specify
new tables, attributes and order merely by coniiigurthe default value of the RVA's
knowledge.

11.3 The build query()Method

It was decided that rather than reinvent the patberbuild_query()should access the thread
structure and obtain the values that the new quenyld need and construct a new query which

would then be submitted back into the parser, ésdlgrietting MySQL do its job.
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This approach proved quite useful in that the tthreucture was well designed with any
number of accessor methods available to extraaake and build the new query string.

11.4 Not Just For Fuzzy Data

At the onset of this research, the focus was omyfuata and the use of RVA's to support only
fuzzy data values. Early on, the question was gsk&ah the RVA handle only fuzzy data or can
it be used for any data requirement that would fiefrem the unique characteristics of an
RVA?" As the design phase became more detaileddaime apparent that the design, without
any change, should be able to handle a relaticangfsize or cardinality merely by specifying
the table and the attributes to be included in toafiguration of the 'knowledge'. This
understanding turned out to be the case as showlmelgxamples in Chapter 8.

11.5 Conclusions

A relation valued attribute has, for the first tinheen designed, engineered and integrated into a
relational database management system. The debitimsanew attribute as been successfully
implemented into the server of MySQL and has besad o support the complex data structure
required of fuzzy data. Specifically, it maintaiasd guarantees the atomicity of the fuzzy pair
(c,w) as attributes and provides the capacity to supor number of such pairs as tuples within

the attribute's relation to represent the fuzzadalue.

Further, the design has been validated in thattisfees the requirements of the relational model.
Through examples using standard SQL with both cisg fuzzy data, the design provides the
user with the ability to obtain the Cartesian Pddas well as to appropriately perform the

project, restrict, intersect and join operationsassary to the use of a relational database system.
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A database system now enhanced through the imptatr@nof the RVA data type in support of
fuzzy data is now available to provide a laboratiayfurther enhancement and research in the

advancement of both fuzzy data and the use of RMAgsrelational database.

Finally, the study has shown that after a briefrieay curve, users found the concept, use and

results provided by the new RVA type to be intwetand easy to understand.
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Chapter 12 - Future Research
12.1 Introduction

One of the goals of this research was that a oglatidatabase system would be in place that
would allow further research and study into theli@ppion, benefits and limitations of fuzzy data
as supported by an RVA. This goal was achieved. §ystem now available provides the
opportunity to do further research into this impattaspect of Computer Science. The following

sections suggest some research areas that shomotiereed and promise.

1.1 Use of Fuzzy Data Equality in SQL Operations

The value contained within an integer or charadéga type is easy to equate. If x=1andy =1,
gueries can be written to query a result whereyx BEuzzy data, however, and in particular fuzzy
data encapsulated within an RVA presents a challefgis challenge is comparable to the test
of determining the equality between Table X to €a¥l But the challenge is compounded by
the fact that the two tables being tested may adhb entire population of Table X and Table Y,
but only the subset associated with a key in tletimg table. The data provided in Tables 12.1
and 12.2 provide the base data contained in a meddifersion of Tables VEH_TAMPA and

VEH_MIAMI. Tables 12.3 and 12.4 provide the datahathe fuzzy data nested within the base

table for reference. Table 12.5 provides the souargaining the fuzzy data contained in Table

V_TYPE.
VID LOC NAME MANUF TYPE
1 Tampa El Camino | Chevrolet
1 Tampa El Camino Chevrolet RVA Data Type
2 Tampa Camero Chevrolet Nested Table: V_TYPE
3 Tampa F-150 Ford
3 Tampa F-150 Ford

Table 12.1 - VEH_TAMPA
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VID LOC NAME MANUF TYPE
3 Tampa F-150 Ford
3 Tampa F-150 Ford RVA Data Type
4 Miami Silverado Chevrolet Nested Table: V_TYPE
4 Miami Silverado Chevrolet
5 Miami Beetle Volkswagen
Table 12.2 - VEH_MIAMI
VID LOC NAME MANUF WEIGHT CLASS
1 Tampa El Camino | Chevrolet 0.90 Car
1 Tampa El Camino | Chevrolet 0.60 Truck
2 Tampa Camero Chevrolet 1.00 Car
3 Tampa F-150 Ford 0.70 Car
3 Tampa F-150 Ford 1.00 Truck
Table 12.3
VID LOC NAME MANUF WEIGHT CLASS
3 Tampa F-150 Ford 0.70 Car
3 Tampa F-150 Ford 1.00 Truck
4 Miami Silverado Chevrolet 0.70 Car
4 Miami Silverado Chevrolet 1.00 Truck
5 Miami Beetle Volkswagen 1.00 Car
Table 12.4

VID CLASS WEIGHT

1 Car 0.90

1 Truck 0.60

2 Car 1.00

3 Car 0.70

3 Truck 1.00

4 Car 0.70

4 Truck 1.00

5 Car 1.00

Table 12.5-V_TYPE
Given the data contained in VEH_TAMPA and VEH_MIAMhere is functionality currently
does not exist within the database system thatdcoampare the two tables for equality of each
table's attributéype Query 12.1 provides an example:

SELECT VEH_MIAMI.vid,
VEH_MIAMI.name,
VEH_MIAMI.manuf,
VEH_MIAMI.type

FROM VEH_TAMPA as VEH_TAMPA,

Query 12.1
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VEH_MIAMI as VEH_MIAMI
WHERE VEH_TAMPA.TYPE = VEH_MIAMI.TYPE;

This query would return all records in table VEH AMI where the RVA relation's value in
attribute VEH_MAIMI.type is equal to the RVA relati's value in VEH_TAMPA.type. The

result is shown in Table 12.6.

VID NAME MANUF WEIGHT CLASS
3 F-150 Ford 0.70 Car
3 F-150 Ford 1.00 Truck
4 Silverado Chevrolet 0.70 Car
4 Silverado Chevrolet 1.00 Truck
Table 12.6

In order to achieve this result, all records in thkation nested in the VEH_TAMPA attribute
type would need to be compared to all records in thHatiom nested in the VEH_MIAMI
attributetype for each value in attributeéd as each relation contained in RVA attribtygpeis
dependent on the base table's primary\weyBy extension, this means that the nested relagion
dependent on the nesting table's primary key ak Bl the query is not comparing the relations
in attribute type, it is comparing the value irritite typeto the value in the other attribuigpe

That value is a relation.

1.2 Representation of a Relation Valued Attribute

There has been a great deal of discussion on the ¢d how the data presented by an RVA

should be represented. Tables 12.7, the standardegresentation, and 12.8, the grouped grid
representation, provide examples of the two mostudised representations. The first, Table
12.7, is the representation used in the currertesysDuring the system study, however, users
felt that the representation shown in Table 12.8 th@ more understandable and, by extension,

accurate. Further research can modify the MySQlaliete management system to return a
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result in the grouped grid representation. Thisngleacould then be used to further study impact

on user perceptions and expectations.

EKEY FIRST Ml LAST AGE CLASS WEIGHT
16 Charles W Bpckman 88 Grdy 0.50
16 Charles W Bpckman 88 Blakck 0.60
17 Bill H Snpith 52 Browp 0.75
17 Bill H Snmith 52 Grey 0.25
17 Bill H SrTith 52 Blonde 0.15
Table 12.7 - Standard Grid Representation
EKEY FIRST MI LAST AGE HAIR
16 Charles W Bpckman 88 CLASS WEIGHT
Grey 0.50
Black D.60
17 Bill H Sntith 52 CLASS WEIGHT
Brown 0.75
Grey 0.25
Blonde D.15

Table 12.8 - Grouped Grid Representation

1.3 Use of a Derived Fuzzy Value in an RVA

The focus of this dissertation was the implemeotatf an RVA data type to represent a fuzzy
data value maintained in a table as a non-deriadev That is to say a generally static value
maintained and stored in a permanent table cremteddaccessed by the server. Derived data,

however, is not stored in tables but is calculatethe select clause of a query. The example in
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Query 12.2 illustrates such a derived fuzzy datae/aising the Bottle database discussed in

Chapter 2.
SELECT bid, contents, Query 12.2
( (quantity/size) as MEMBERSHIP,
‘Full’ as CLASS ) as STATE < 'As'an RVA labeledtate

FROM BOTTLES

WHERE bid = ‘A’

AND state = ‘Full’;
In this case, the RVA istatewhich consists of two attributesyembershi@ndclasswhich will
contain the fuzzy data value {quantity/size, FULLThe challenge here is that the RVA is
created in the SELECT clause of the query. As suaaid in theory, such a clause could
mistakenly exclude eitheslassor membershiplt is this specific scenario which the new data
type rvachar has been designed to prevent. Itlisveel that this challenge could be overcome
by modifying the aggregating functionality possilbhyough the use of a key word such as "as
rva STATE" that could perform a validation derivediatites and their values.
1.4 Incorporation of Ambiguity in Database Systems
‘Incorporation of ambiguity’ was not specificallyowsidered in the goals of the study. There
were no specific questions or steps to measureiver igsight into this concept. During the
system study on fuzzy data heads would 'nod inemgeat'. As students answered the study
guestions or performed the exercises, questions s@metimes asked not about the study, but
about fuzzy data. Is it used? Where is it used? Wiy it used more? Little of this was captured
on the studies returned, but if the study weresex¥iand repeated, more concentration could be
given to capture this perspective.
1.5 Sensitivity Analysis
Fuzzy data, by its very nature, reflects the masgeats of ambiguity that exists in the real

world. As Ma points out, this ambiguity can takeaomd reflect many forms of fuzziness such as
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membership within a class as has been primarilgudised within this dissertation but also other
forms such as certainty and importance. (See Sedtt1.3.35%°! Further, an object can possess
many different fuzzy classifications. For exampde,suspect’ may have a fuzzy data value
reflecting the ambiguity of hair color and anothelues reflecting eye color, skin tone and
height. Given the many fuzzy attributes that canrémgresented by a fuzzy data value, the
subjectivity of that value and the many perspestitbat that value can represent, changes to one

or more of these values can affect the ordinalitthe result.

Applications using fuzzy data values of this soil Wwenefit from the ability to incorporate a
degree of sensitivity modeling and analysis, paldidy in the area of multi-criteria decision
making. An application with the ability to easilyonlify a fuzzy data value and refresh the result
to simulate an alternative result would add sigaifit value to the usability of the underlying
fuzzy data.
1.6 Beneficial Enhancements to the Man-Machine Interface
One of the criticisms in the use of fuzzy data baen the amount of data required to maintain
and use fuzzy data. For example, within a crisplade, hair color might be assigned a value of
'blonde’. Entering a single such value requiresramal and acceptable level of effort. A fuzzy
data value, however, might have a value similahéovalue shown in Equation 12.1.
Fuzzy Data Value = {('blonde’, 0.00), Equation 12.1
(‘brown’, 0.80),
('black’, 0.00),
(red’, 0.10),
(‘'grey',0.00)};
Such a value would necessarily require far mora datry and data management. And this fuzzy

data value is a very limited one! Fuzzy data withienterprise system would contain many more

such attributes and require a great deal of effoppopulate and maintain the values contained
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within them. The effort required to maintain fuztsta could very easily undermine the value of

fuzzy data.

It is possible, however, that the significanceho$ teffort could be mitigated through the use of
available tools to facilitate the man-machine if#ee. A significant area of future research

should be focused on the design, implementatiom ansl analysis of various approaches toward
the facilitation of the fuzzy data interface.

1.7 Nested RVA's

The current MySQL implementation of the rvacharadgpe nests only one RVA into a nesting

table. Because the relation contained within an R¥A relation, this relation must be able to

contain an RVA as an attribute within its valuefdaf should be made into the design and

implementation of RVA values to be nested withinest superior, RVA values.
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Appendix A — The Database Management System

Sophisticated users, application

Unsophisticated users (customers, travel agents, etc.) programmers, DB administrators
Web Forms Application Front Ends SOL Interface
-.._\__\__'_'_hl-‘- '\i.l" _.___F,-F"-
T 5QL COMMANDS £
N
Plan Executor Parser
Cluery
. Evaluation

Operator Evaluator Cptimizer Engine

i
<= Files and Access Methods &—

Transaction

Manager A\
< Buffer Manager e Recovery
Manager
Lock |
ST > Disk Space Manager S
Concurrency
Control DBMS

Index Files
System Catalog
[Crata Files

Reference: Ramakrishnan, Raghu, and Johannes Gebgtabase Management Systems
Boston [u.a.: McGraw-Hill, 2008.
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Appendix B — Overview of Issues Concerning Data Types
1 Representation of Unknown or Missing Data

The relational model allows data to change oveetilvut does not account for unknown and
uncertain data. A business process may resulttanttiat is missing because it is not yet known.
While expected to be a temporary database staee th no assurance the missing data will be
included once it is available. Other data valuey be@permanently missing because an attribute
may not be applicable under circumstances notipated when the database was designed. The
solution to both of these problems is to entedath known or applicable and to mark attributes
that do not have values. Null is such a mark, buequires implementation of a 3-valued logic
(3VL). This logic must use null correctly and indkia Boolean type with logic operators that

supports true, unknown, and false values.

Null is implemented in most significant RDBMS arltketcorresponding support for a 3VL
Boolean type is required by the SQL stand&ri?? Although Codd's 3VL is included in the
relational model, it is difficult to use and hasebechallenged® The problems caused by

unknown and missing data are not fully solved.

2 Attribute Domains and Domain Types

C. J. Date advocates for domains created from desigmed data types including complex types
composed using existing domalhs®2”>3' A domain is a set of values from which an attrikiate

a relation may take its values. This concept idlamto programming languages which allow a
variable to assume only values compatible withdegslared type. The programming language

type must either be built into the language orrdsdi by the user of the language. Date argues
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that a similar typing capability for the relationdhtabase attribute is consistent with the

relational model.
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Appendix C — The val strQ) Method

String *Field_rvachar::val_str(String *val_buffer attribute__ ((unused)), String *val_ptr)

{

/* Various test variables */

char *rva_val;

uchar *dummy newuchar();
select_result *my_result;

ltem *test_item;

String rva_select;
Query_arena *setrew Query_arena;
THD *select_thd;

char *sql_select;

String test_query;

int test val =0;

int my_strlen = 0;

bool my_res =0;

int rc =0;

char *my_sql_string;

String success;
CSET_STRING sql_statement;
Statement my_statement;

uint32 query_length = 0;
unsignedong buff_length = 0;

ulong setup_tables_done_option = 0;

DBUG_ENTER(Field_rvachar::val_st);
[* Original val_str logic */
ASSERT_COLUMN_MARKED_FOR_READ;

/************************************************** ***********/

/* PROGRAMMING NOTES AND REMINDERS */
/* See the comment for Field_long::store(long long) */
/* See the comment for ha_innobase::open in ha dinrwo */
/* See the comment in ha_innodb.cc: */
[*  #define EQ_MY_THD(thd)  ((thd) == thd) */
/*  check_trx_exists() */
/* innobase_trx_allocate() *
/* innobase_trx_init() */
/* ha_innobase::table_flags() *
/* ha_innobase::store_lock() */
/* ha_innobase::change_active_index() */
/* sql_error.cc line 422 commented out. *
/* sql_class.cc method select_send::send_data */
/* sql_class.h method select_send::send_data */
/************************************************** ***********/
DBUG_ASSERT(table->in_use == current_thd);

uint length;

if (table->in_use->variables.sql_mode &
MODE_PAD_CHAR_TO_FULL_LENGTH)
length= my_charpos(field_charset, ptr, ptr +didéngth,
field_length / field_charset->mbmaxlen);

else
length= field_charset->cset->lengthsp(field_ckgrgonstchar) ptr,
field_length);

val_ptr->set(€onstchar) ptr, length, field_charset);
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/

RVA Value. We just need one! /

rva_val =newchafval_ptr->length() + 1];
/I Save off the RVA string
rva_val = val_ptr->c_ptr();

/

/l'If it's Null, ignore it. If not, we have some vkoto do.
if (rva_val == NULL)

else

{

test val = 2;

test val = 1;

/* Save off the current state. We only do this ofice

/******************* The Se|8CtI0n Strlng C0m|ng |n to the query ****************/
my_result = table->in_use->lex->select_lex.joiesult;

my_result->cleanup();

enumenum_sgl_command sql_command= table->in_use->$ef-sommand;/ SQL Command

/************************ Handle Oﬂ|y If 'Select' * **************************/

if (sgl_command == SQLCOM_SELECT) {
/* Create a new thread to send through the parser */
/* See comment in sqgl_parse method check_stackruaver */
select_thd new THD;

mysql_reset_thd_for_next_command(select_thd);
THD *test_thd = current_thd;

test_val = test_thd->id;

select_thd->init();

/I Set up hard coded test query.
query_length = strleffbelect a.vid, b.weight, b.type from vehicle aseir join v_type
as b on a.vid = b.vij;"
my_sql_string
=newchafquery_length];
my_sql_string
="Select a.vid, b.weight, b.type from vehicle asiaer join v_type as b on a.vid = b.vig;"
select_thd->set_quetgelect a.vid, b.weight, b.type from vehicle aseir join
v_type as b ovich= b.vid;", query_length);
select_thd->stmt_arena->set_query_arena(set);

MEM_ROOT my._root;

Open_table_context my_context(select_thd, MYSQREN_TEMPORARY_ONLY);
my_context.can_recover_from_failed_open();

/* SQL Thread Statement assignment*/

select_thd->db "test"”,

select_thd->db_length =4,

select_thd->query_string=
CSET_STRING(my_sql_string, query_length, fieldarset);

select_thd->current_tablenr =2;
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/* Reset buffers */
select_thd->net.buff rmewunsignedchafquery_length];

size_ttest=1;
unsignednt query_size = query_length;
select_thd->mem_rootrew MEM_ROOT;

select_thd->mem_root->free =0;
select_thd->mem_root->used =0;
select_thd->mem_root->pre_alloc = seldgt->mem_root->free;
select_thd->mem_root->min_malloc =32,
select_thd->mem_root->block_size =8164;
select_thd->mem_root->block_num =16;
select_thd->mem_root->first_block_usage = 0;
select_thd->mem_root->error_handler =0;

select_thd->alloc(query_size);

/* Thread Net Structure */
select_thd->net = tabie- use->net;
select_thd->stmt_da = tabile-use->stmt_da,;

buff_length = 16384;
select_thd->net.buff_end mewunsignecchafbuff_length];;
select_thd->net.pkt_nr =1;

strmake(¢har) (*select_thd).net.buff, my_sql_string, query_dgh);
select_thd->net.write_pos = select_thd->net;buff
select_thd->net.read_pos = select_thd->net.buff

select_thd->main_security_ctx = *tabla_use->security_ctx;
select_thd->security_ctx = &seldlad->main_security_ctx;

/* Parser State Required Variables */
Parser_state *my_parser_state new Parser_state;

Lex_input_stream *my_lip rew Lex_input_stream;
my_lip->init(select_thd, my_sql_string, queryndgh);

my_parser_state->m_lip =*mp; i
my_parser_state->m_lip.m_thd = select_thd;
my_parser_state->m_lip.lookahead_token #/{less than zero

/* Select_thd initialization */

select_thd->m_parser_state new Parser_state;
select_thd->m_parser_state = NULL;
select_thd->lex->m_stmt = NULL;

select_thd->lex->safe_to_cache_query =0;

table->in_use->packet.free();

String new_packet;

select_thd->packet = new_packet;
select_thd->packet.sé&t( 0, field_charset);
select_thd->packet.alloc(16384);

select_thd->protocol->init(select_thd);
select_thd->client_capabilities = table->in_wstient_capabilities;

my_pthread_setspecific_ptr(THR_THD, select_thd);

/

/* Send thread and parser state to mysql_parse */
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end:

/* This is the key. We send a new thread back théoparser to be parsed, validated */
/* and processed. */
mysql_parse(select_thd,
select_thd->query(),
select_thd->query_length(),
my_parser_state);

/**7\'********************************************** *k%k *kkk *% *k%k *% KKk * /

select_send my_send ;
my_send.set_thd(select_thd);
my_send.prepare(select_thd->lex->select_lex.itety &select_thd->lex->unit);

/* Finalize server status flags after executinggemand. */
select_thd->update_server_status();
select_thd->protocol->end_statement();

[* Set the error that stops further original SQbgessing. */
success.seRRVA Success,'11, field_charset);
my_error(ER_CHECK_NOT_IMPLEMENTED, MYF(0), sucss;

my_pthread_setspecific_ptr(THR_THD, tabie- use);
gotoend;

}

returnval_ptr;

/* Reset is_sent required to allow an error to tmepssed. MySQL will not process */
/* any errors once a good result has been sentpiidress would then fail. */
table->in_use->stmt_da->is_sent = FALSE;

select_thd->stmt_da->is_sent = FALSE;

DBUG_RETURN(val_ptr);
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Appendix D — The build query() Method

char *Field_rvachar::build_query(THD *thread, CHARSET_INFO *set, char *knowledge, char
*query)
{
List_iterator_fast<Item> it(thread->lex->select_lex.item_list);
SQL_I List<TABLE_LIST> tab = thread->lex->select_lex.table_ list;
size t s_pos = 0;
size_t e_pos
size t s_len
int found
int i =
int length =
int end =

)

1]
RPOOOO®O
- .

e

. e

e

String tables;

String base_tab;
String rva_tab;
String rva_key;
String func_type;
String key;

String fields;

String find;

String ampersand;
String value;

String new_query;
String old_query;
String str_work;
String str_knowledge;
enum_field_types my_type;

/* Make knowledge case uniform */

while(knowledge[i])

{
knowledge[i] = toupper(knowledge[i]);
i++;

}

i=0;

while(query[i])

{
query[i] = toupper(query[i]);
i++;

}

/* Get Key words into a string for manipulation */
tables.copy("@TABLE:", strlen("@TABLES:"), set);
key.copy("@KEY:", strlen("@KEY:"), set);
fields.copy("@FIELDS:", strlen("@FIELDS:"), set);
str_knowledge.copy(knowledge, strlen(knowledge), set);

//Base Table

base_tab.copy(thread->lex->select_lex.table_list.first->table_name,
strlen(thread->lex->select lex.table list.first->table_name),
set);

//RVA Table
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ampersand.copy("@",1,set);
str_knowledge.strstr(tables, 90);

s_pos + tables.length();
str_knowledge.strstr(ampersand, s_pos);
e_pos - s_pos;
rva_tab.set(str_knowledge,s_pos,e_pos);

S_pos
S_pos
e_pos
e_pos

//RVA
s_pos
s_pos
s_pos
e_pos
e_pos

Key
S_pos + e_pos;
str_knowledge.strstr(key, 0);

s_pos + key.length();
str_knowledge.strstr(ampersand, s_pos);
e_pos - s_pos;

rva_key

.set(str_knowledge,s_pos,e_pos);

old_query.append(query);

/*** Create the SELECT segment ***/
new_query.append("SELECT");

for (Item *item= it++; item; item= it++)

{

/* If this is the RVA field, we have to extract the attribute fields from the knowledge

*/

/* value passed to the method and append it as a 'b.' table to the selection.
Otherwise, */
/* we extract the field value from the item list and append it as an 'a.' table to the

*/

/* selection predicate.

*/

my_type =

it

em->field_type();

if (item->field type() == MYSQL_TYPE_RVACHAR)

{

s_pos
S_pos
s_len

str_knowledge.strstr(fields, ©); // Get RVA field values...
s_pos + fields.length();
str_knowledge.strstr(ampersand, s_pos);

find.copy(",", strlen(","),set);

do
{

e_pos = str_knowledge.strstr(find, s_pos);

if (e_pos == -1)

¢ e_pos = str_knowledge.length() - s_pos;
end = 0;

}

else

{
e_pos = e_pos - S_pos;
end =1;

}

new_query.append(" ");
new_query.append(rva_tab); // RVA Table
new_query.append(".");
value.set(str_knowledge,s_pos,e_pos);
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new_query.append(value);
new_query.append(",");
S_pos = s_pos + e_pos + end;

}while(s_pos != strlen(knowledge));

}

else

{
new_query.append(" ");
new_query.append(base_tab); // Base Table
new_query.append(".");
new_query.append(item->name);
new_query.append(",");

}

}

/* Chop off the last comma */
length = new_query.length();
new_query.chop();

/*** Create the FROM JOIN segment ***/
end = 1;
new_query.append(" FROM ");
new_query.append(base_tab); // Base Table
new_query.append(" as ");
new_query.append(base_tab);
new_query.append(" inner join ");

new_query.append(rva_tab); // RVATable
new_query.append(" as ");
new_query.append(rva_tab);
new_query.append(" on ");
new_query.append(base_tab);
new_query.append(".");
new_query.append(rva_key);
new_query.append(" = ");
new_query.append(rva_tab);
new_query.append(".");
new_query.append(rva_key);

/** The nested include value...**/
/*select vid from vehicle where vid in (select vid from v_type where class =
"Car');*/

find.copy(" (", strlen("("),set);
found = old_query.strstr(find,0);
if (found > 9)
{
s_pos = found;
find.copy("WHERE", 5,set);
e_pos = s_pos;
if (old_query.strstr(find,s_pos) > 0)
{
s_pos = old_query.strstr(find,s_pos);

}

if (s_pos > e_pos)
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S_pos = S_pos + 6;

find.copy(")", strlen(")"),set);

e_pos = old_query.strstr(find, s_pos);
e_pos = e_pos - S_pos;
value.set(old_query,s_pos,e_pos);
value.strip_sp();

new_query.append(" and ");
new_query.append(rva_tab);
new_query.append(".");
new_query.append(value);

/*******************************/

/*¥** Create the WHERE segment ***/
if (thread->lex->select_lex.where != NULL)

{

Item *ptr_next; //Used to iterate throught ‘where' tree.
Item_func::Functype my_func;

ptr_next = thread->lex->select_lex.where;
new_query.append(" WHERE ");

do

{

my_func = ((Item_func*)ptr_next)->functype();

if (my_func == 12) //Item_func[COND_AND_FUNC])
i=1i;

else

{

new_query.append(base_tab);

new_query.append(".");

new_query.append(ptr_next->next->name);

switch(my_func)

{
case 1:
func_type.copy(" = ",strlen(" = "),set);

break;

case 3:
func_type.copy(" <> ",strlen(" <> "),set);
break;

case 4:
func_type.copy(" < ",strlen(" > "),set);
break;

case 5:
func_type.copy(" <= ",strlen(" <= "),set);
break;

case 6:
func_type.copy(" >= ",strlen(" >= "),set);
break;

case 7:
func_type.copy(" > ",strlen(" > "),set);
break;

}

new_query.append(func_type);
//new_query.append(find);

205



find.copy("'", strlen("'"),set);
new_query.append(find);
new_query.append(ptr_next->name);
new_query.append(find);
}
ptr_next = ptr_next->next;

}

while (ptr_next != NULL);

}

}
find.copy(";", strlen(";"),set);
new_query.append(find);

query = new char[new_query.length() + 1];
strcpy(query, new_query.c_ptr());

return query;
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Appendix E — The Test Script

Test Script
When answering a question, please consider 1 being ‘low’ or ‘not
very much’ and 5 being ‘high’ or ‘a great deal'.
If you have any questions, please do not hesitate t 0 ask.
Have fun!
The working tables shown below are for your referen ce with
respect to attribute headings, data and table names
Table: EMP
EKEY [FIRST Mi LAST DOB PT HAIR
11 Edgar H Cpdd 1993 0
12 Chris J Date 1941 O
13 Hugh NULL  Darwen NULL O R
14 Andrew NULL  Warden NULL 0 \4
15 NULL NULL Parker 1985 0 A
16 Charles W, Bachman 1924 O
17 Bill H Smiith 1960 0 E
21 Jeffrey D Ullrhan 1942 1 H
22 Margo I Seltzer NULL 1 A
23 Fabian NULL _Pascal NUIL 1 '
24 David ? McGoveran -1 1 R
25 Chris NULL Date 1941 1
26 Andrew NULL Warden NULL 1
Table: EHAIR
EKEY CLASS WEIGHT
11 brown Q.90
11 grey 020
12 blonde 0J60
12 blonde 0J60
12 brown g.75
12 red 0.20
13 black 075
13 brown Q.85
14 brown g.70
14 grey 040
15 blonde 0J70
15 brown g.65
16 black 1.00
17 black 0.85
17 grey 065
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1.a. Please write a SQL statement that chooses all data from
EMP. Cut and paste your query and the result below.

1.b. Does the result you received meet your expectations ?0na
scale of 1=Very Little to 5=Very Much:

Comments:
2. The result in question 1.a. includes an RVA fiel d hai r which
contains a relation consisting of two fields, wei ght and cl ass.
Given what you have seen to this point, how do you believe that
you would write a query that would exclude the attr ibute

weight out of the query? Please write your query and share
your comments in the space provided below.

3. Adapt the query in question 1, to choose all rec ords from EMP
where ekey = 16. Cut and paste your query and the result
below.

4. Please choose all records from EMP where ekey in (select ekey

from ehair where class = 'black’) . Cut and paste your result

below.

5. Please enter the following query into the system and record
your results by cutting and pasting your result in the space

below the query.

select emp.ekey, first, last,
class, weight
from emp, ehair
where emp.ekey = ehair.ekey;
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Now, please enter the same query, but this time lea ve out the
field class from the select clause and paste your result
below.

Is this result meaningful to you? Why or why not?

Given the following tables:

Table: DEPT

CODI NAMI HEAL ADMIN ROOI

001 |Oncology Jamison Albright

002 (Obstetrics Steward Simms RVA: D_ROOM

003 |General Cho Johnson

Practice
Table: D_ROOM
CODI | NUMBE TYPE AVAIL NETWOFR
001 101 Ratient N Y
001 2102 Ratient Y N
001 3405 Office Y Y
001 (3406 Office Y Y
002 2103 Ratient Y Y
002 R104 Office N N
002 4001 Ratient N N
003 2105 Ratient Y Y
003 2106 Office Y N
003 (3408 Office N Y
6.a. What do you think the query in part 7.b. below does?

6.b. Please enter the following query into the syst
the result in the space below the query.
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SELECT code, name, head, room
FROM dept;

6.c. Did the result you received meet with your exp

a scale of 1=Very Little to 5=Very Much:

ectations? On

7. Below are two somewhat different representations of fuzzy
data. Both representations contain the same data.
EKEY FIRST Ml LAST AGE CLASS WEIGHT
16 Charles W Bpckman 88 Grgy 0.50
16 Charles W Bpckman 88 Black 0.60
17 Bill H Snpith 52 Browp 0.75
17 Bill H Snith 52 Grey 0.25
17 Bill H Snrith 52 Blonde 0.15
Table A — Standard Grid Representation
EKEY FIRST Ml LAST AGE HAIR
16 Charles W Bhpckman 88 CLASS WEIGHT
Grey 0.50
Black D.60
17 Bill H Sntith 52 CLASS WEIGHT
Brown 0.75
Grey 0.25
Blonde D.15

Table B — Grouped Grid Representation
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7.a. Do you think Table A or Table B is more unders

Why?

7.b. Do think the information in Table A or Table B
accurate? Why?

Observations

Please answer the following questions on a scale of
1 being ‘low’ or ‘not very much’ and 5 being ‘high’
deal'.

8.a. Were the results you received with respect to
meaningful and understandable?

8.b. Do you see a real world benefit to the use of
database systems?

8.c. Do you see a real world benefit to the use of
support of fuzzy data?

8.d. Do you think the queries used to access fuzzy
logical?

8.e. If you received error messages, were they appr
Please enter O if this question is not applicable.

8.f. Was it easy to write queries to obtain the res

8.9. Were the queries hard to write in order to obt
result desired?

PLEASE LET US KNOW WHEN YOU FINISH

AND WE WILL SAVE THIS FILE

Thank you very much for your help!
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Appendix F — System Study Presentation Slides
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Slide 1

Slide 2

Structured Query Language (SQL)

Virginia Commonwealth University
School of Engineering
Department of Computer Science

Presented by

Larry R. Williams
And
Bob Morrissett

A Table

Columns of data types

Key TABLE:

[ S— S ——
\keynirst |mi |last |age |

[ — B R — o S —— o +
| 11|Edgar |F |Codd | 79|
| 12| Chris |J |Date | 71|
| 13| Hugh |NULL | Darwen | NULL |
|
|
|

14 | Andrew | NULL | Warden | NULL | R.OWS of
15| NULL | NULL | Parker | 27 | items
16 | Charles | W | Bachman| 88|

Ep— Epm— Cpa— — pam— T
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Slide 3

Slide 4

A Database

A database is a collection of related tables.

TABLE: EMP

B Ao Aoeee e tommeen +
| ekey | first | mi |last |age |
B s T

11 |Edgar |F |Codd | 79|
12 |Chris |J |Date | 71|

|

|

| {13 |Hd | NULL | Darwen | NULL |

| | 14 | Andrew T™NULL | Warden | NULL |

| |15 | NULL 27|

| | 16 | Charles | W TABLE: ASSIGN

[ — [ S S S + + + +

L
3 |
L
L
13| P2 | 0.25]2012-06-15 |
2 |
8 |
2 |

key | pkey | percent | eff_date |
E o e e +

0.50 | 2012-12-13 |
0.50 | 2012-10-01 |
1.00 | 2012-08-16 |
0.75 | 2012-08-01 |

1.00 | 2012-01-12 |
1.00 | 2012-06-01 |
1.00 | 2012-09-13 |

EX Command Prom

Microsoft Windows [Uersion 6.1.76011 B
ICopyright <c> 2089 Microsoft Corporation. All rights reser

IC:\UsersS\Larry Williams>f:

F:\Omysqld_

X Command Prom)

Change directory to F:

Start the server ‘mysqld’

Microsoft Windows [Ue n 6.1.76811

Copyright <(c> 2889 Micy ft Corporation.

C:sUserssLarry Williams
F:s>mysgl

Open a new window
Change the directory to F:
Start the client ‘mysql’

214




Slide 5

(SQL) select columns

Select EKEY, FIRST, LAST

Table” EM

EKEY FIRST Mi LAST AGE

11 Edgar F Codd 79

12 Chris J Date 71

13 Hugh NULL Darwin NULL
o 14 Andrew | NULL Warden | NULL

15 NULL NULL Parker 27

16 Charles | W Backman | 88

Slide 6

(SQL) from a table

Select EKEY, FIRST, LAST

From EMP;

Table: EMP

EKEY FIRST LAST

11 Edgar Codd

12 Chris Date

13 Hugh Darwin

14 Andrew | Warden

15 NULL Parker

16 Charles | Backman
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Slide 7

(SQL) where something matches

Select FIRST, LAST, DOB
From EMP
Where DOB = 1960;

Table: EMP
FIRST LAST DOB
Bill Smith 1960

Slide 8

(SQL) select from two tables

Select EMP.EKEY, FIRST,
Table: EMP LAST, PKEY, PERCENT
From EMP, ASSIGN

EKEL | FIRST MU EAST ) POB 1\ here EMP.EKEY = ASSIGN.EKEY;

[13] Edgar | F Codd 1923

12 Chris J Date 1941

13 Hugh NULL | Darwin NULL

14 @drew NULL | Warden NULL Table: ASSIGN

15 NUDE~_| NULL | Parker 1985
EKEY | PKEY | PERCENT | EFF_DATE

| 16] Charles W\ Backman 1924
11 P1 0.50 12/13/2012
11 P3 0.50 10/01/2012
12 P1 1.00 08/16/2012
13 P1 0.75 08/01/2012
13 P2 0.25 06/15/2012
14 P2 1.00 01/12/2013
24 P3 1.00 06/01/2011
|25] P2 1.00 09/13/2012
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Slide 9

Slide 10

(SQL) create a result table

Select EMP.EKEY, FIRST,

LAST, PKEY, PERCENT
From EMP, ASSIGN
Where EMP.EKEY = ASSIGN.EKEY;

EMP.EKEY FIRST LAST PKEY PERCENT
11 Edgar Codd P1 0.50
11 Edgar Codd P3 0.50
12 Chris Date P1 0.50
13 Hugh Darwin P1 0.75
13 Hugh Darwin P2 1.00
14 Andrew | Warden P2 1.00

(SQL) connect the related rows in
the tables

Join
Table: EMP Table: ASSIGN

EKEY FIRST Mi LAST DOB EKEY PKEY PERCENT EFF_DATE

11 Edgar F Codd 1923 aldl P1 0.50 12/13/2012

12 Chris d Date 1941 11 P3 0.50 10/01/2012

13 Hugh NULL | Darwin NULL 12 P1 1.00 08/16/2012

14 Andrew | NULL | Warden NULL 13 P1 0.75 08/01/2012

15 NULL NULL | Parker 1985 13 P2 0.25 06/15/2012

16 Charles | W Backman | 1924 14 P2 1.00 01/12/2013
24 P3 1.00 06/01/2011
25 P2 1.00 09/13/2012
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Slide 11

Slide 12

(SQL) select from both tables

Select EKEY, FIRST, LAST Select EKEY
From EMP; From ASSIGN
Where PERCENT > 0.50;
Table: EMP Table: ASSIGN
EKEY [ FIRST Ml LAST DOB EKEY PKEY PERCENT EFF_DATE
11 Edgar F Codd 1923 11 P1 0.50 12/13/2012
12 Chris J Date 1941 11 P3 0.50 10/01/2012
13 Hugh NULL | Darwin NULL 12 P1 1.00 08/16/2012
14 Andrew [ NULL | Warden NULL 13 P1 0.75 08/01/2012
15 NULL NULL | Parker 1985 13 P2 0.25 06/15/2012
16 Charles | W Backman 1924 14 P2 1.00 01/12/2013
24 P3 1.00 06/01/2011
25 P2 1.00 09/13/2012

(SQL) match values from one table to

those In another table

Select EKEY, FIRST, LAST

From

EMP

Where EKEY IN ( Select EKEY
From ASSIGN
Where PERCENT > 0.50 );

EKEY | FIRST LAST
[12] Chris Date EKEY
13—l Hugh | pawin [12]
|14 | Andrew | Warden | 13
114]
24
25
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Slide 13

Fuzzy Data

What color is this man’s hair?

Slide 14

Fuzzy Data

What color is this man’s hair?

0.75/Brown

0.25/Grey

0.15/Blonde
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Slide 15

Slide 16

Fuzzy Data

What color is this man’s hair?

EKEY [ CLASS WEIGHT
17 Brown 0.75
17 Grey 0.25
17 Blonde 0.15
Fuzzy Data
Table: EMP
EKEY FIRST Mi LAST DOB CLASS WEIGHT
16 Charles w Backman 1924 Grey 0.50
16 Charles w Backman 1924 Black 0.60
17 Bill H Smith 1960 Brown 0.75
17 Bill H Smith 1960 Grey 0.25
17 Bill H Smith 1960 Blonde 0.15
EKEY WEIGHT Select EKEY, WEIGHT
16 0.50 From EMP_FT;
16 0.60
17 0.75
17 0.25
17 0.15
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Slide 17

Slide 18

Fuzzy Data

HAIR
Table: EMP =
EKEY FIRST Mi LAST DOB CLASS WEIGHT
16 Charles w Backman 1924 Grey 0.50
16 Charles W Backman 1924 Black 0.60
17 Bill H Smith 1960 Brown 0.75
17 Bill H Smith 1960 Grey 0.25
17 Bill H Smith 1960 Blonde 0.15
Fuzzy Data
Relation Valued Attribute (RVA) ‘HAIR’
Table: EMP
EKEY FIRST Mi LAST DOB HAIR
16 Charles W Backman 1924 CLASS | WEIGHT
Grey 0.50
Black 0.60
17 Bill H Smith 1960 CLASS WEIGHT
Brown 0.75
Grey 0.25
Blonde 0.15
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Slide 19

Slide 20

Fuzzy Data

Table: EMP
EKEY FIRST Ml LAST DOB HAIR
16 Charles W Backman 1924 CLASS WEIGHT
Grey 0.50
Black 0.60
17 Bill H Smith 1960 CLASS | WEIGHT

Brown 0.75

Grey 0.25

Blonde 0.15

Select EKEY, HAIR
From EMP
Where EKEY ="17";

Fuzzy Data

+ + + +
EKEY HAIR | ekey | WEIGHT | CLASS |

17 CLASS WEIGHT + + + s

Black 0.85 | 17| 0.85] black |

Grey 0.65 | 17| 0.65|grey |

+ + + +

Actual Screen Display

Select EKEY, HAIR
From EMP
Where EKEY =17,
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Appendix G — Vita

Larry Ritchie Williams, Jr. was born at the Navaddpital at Naval Air Station (NAS) Mayport,
Florida in 1960 to then Lieutenant Larry R. WiliamUSMC and his wife Betty 'Whitt'
Williams, RNM! As the son of a Marine officer, Larry grew up tigiin many different States
and Europe.

Larry attended the Virginia Military Institute inelxington, Virginia where he received his BA in
1982. He received his MS in Systems Management88 from the University of Southern
California in Los Angeles, California. Prior to eging his studies at Virginia Commonwealth
University, Larry supplemented his education thiougrious under graduate and graduate
courses in Computer Science at George Mason Uiitiyers

Larry's professional career has been spent priynasl a software engineer and information
systems consultant working for such companies aM®&HMPeat Marwick, the United States
Department of the Navy, Dominion Resources, Al@iad Reynolds Metals with whom he spent
two years working in Bunbury, Western Australiaistasg in the effort to transition the
information systems from a refinery's mainframeatoSAP enterprise system. In 2002, Larry
founded Sterncastle Consulting, Incorporated arsdbegn working since this time as a software
engineering consultant to the United States Custants Border Protection Service and the
Department of Homeland Security.

He has been married to the former Lynne Jacobsoovier 25 years. They have two children,

Zachary and Joshua, both of whom they are jushfiptoud.

i Lt. Williams would later retire from the Marineo€ps at the rank of Colonel and receive his

PhD from George Washington University in 1994. Bleurrently a Collegiate Professor
teaching in the Graduate School at University ofyW&nd, University College.
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