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Chapter 1

| ntroduction

Having learnt about the importance of formal systems in general, our focus can
now shift towards building databases that are appropriate for the representation of
real-world phenomena. Geographic information systems are typically models of
the real world and users will try to interact with them as if they would interact
with the actual objects. The decisions people make based on an information system
are decisions either about the real world, or with immediate implications on the
real world—granting abuilding permit, deciding where to locate ahazardous waste
dump, selecting aroute to transport some good quickly. In order to let people make
the best use of an information system, it is necessary to represent knowledge about
geographic space, stored in a computer system, in away that comes close to their
thinking.

The discussion concentrates on knowledge representation, and not on process-
ing. This reflects the general finding that the organization of the knowledge to be
used is the crucial step in building computerized systems. The procedural, algo-
rithmic part is important, especially in designing systems with high performance,
but performance should be considered after a clear understanding of what a system
should do isreached. The system which produces wrong results, but very rapidly,
isobvioudly of little use to anyone.
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1.1 Data Modd

A notion that will follow us throughout this part is the concept of adata model. A
data modd is a (formal) conceptual construction which provides the rationale for
organizing datato be stored in adatabase. There are asmall number of convention-
ally recognized data models such as hierarchical, network, and the relational.

Data MobpeL = Therationae for organizing datato be storedin a
database.

The hierarchical model in its pure form demands that the data be arranged in a
hierarchy which isa simple and highly efficient storage scheme. This model, how-
ever, is clearly too restrictive for most applications, particularly spatial ones. The
conceptual schemafor thisdatamodel rarely fitsreality satisfactorily and, therefore,
thismodel is currently seldom used.

The network model concept isto link data elementsin anetwork structure. The
ideais very general and powerful, but is not easy to implement. Network models
werefirst proposed quite some time ago, and most major database constructions of
thistype follow astandard set in the early 1970's by the CODASY L committee.

The most prominent data model in todays (1992) commercia applications is
the relational data model, to which we will dedicate more attention in a later chap-
ter. Thereis evidence that the innovative concepts of object-oriented data models
will overhaul the relational data model in engineering applications. The abstraction
mechanisms present in object-oriented models come closer to the humans mental
organization of complex situations. They are also more general than the restricted,
but well-defined view of the relational data model. This part will elaborate on the
distinct properties of object-oriented data models and their differencesto the rela
tional datamodel. Complementary concerns of implementing object-oriented mod-
elswill be covered in Part 3, where the relevant software engineering aspects will
be discussed.

1.2 Database Schema

Usually, thedescription of all predicatesor all relations(i.e., meta-data), in adatabase
is called the database schema. According to ANSI/X3/SPARC, we differentiate
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three types of schemas:

e The conceptual schema describes the data included in a database from the
conceptual view, meaning an overall picture which concentrates as much as
possible on the real world meaning of the data. The conceptual schema (at
least a part of it) may bethat thereal world relation “ X isthe father of Y” and
“X isthe grandfather of Z” can be determined to some extent.

e Theinternal schema describes how the data from the conceptual schema are
mapped into computer storage. It contains all the details of storage structure
necessary for a complete implementation, but this part of the design should
have no influence on the interpretation of the data. Changesin the internal
schema must not be noticed by the users of the database (except for perhaps
improved performance). The internal schema may be the storage of all ax-
ioms by hash coding, keyed on the first three characters of the consequent
predicate’s name.

e Not all users need to know and understand the complete conceptual schema
and it seems a good idea to present a certain user or user class only that part
which is of interest to them and leave away parts and details they need not
know (and, perhaps, may not be allowed to access). The user schema hasthe
samelevel of world orientation that the conceptual schemahas, but it includes
only part of it and may also arrange things differently, to serve thisuser group
better. It is assumed that the database can internally, and invisibly for the
user, trans ate the data from the internal format to whatever form is described
in the user schema. The user schema may be that the information on auser’s
own family is accessible, but that not that of other user’s families, (perhaps
that information is restricted by a password). Furthermore, the family data
is always presented as full sentences, such as: “Henri is the grandfather of
Stella,” in lieu of “X = henri; Z = stella”

Most commercially available DBM S do not include extensive facilities for user
schemas and permit only very limited changes; however, the use of the predicate
calculus, as we employ it for prototyping, has significant power in this respect.

This part is exclusively interested in the conceptual schema. Aspects relevant
to the internal chapter will be addressed in Part 4 dealing with the architecture of
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spatial information systems.



Chapter 2

Designing | nfor mation Systems

Designing a valid formal model of reality is the primary problem of designing an
information system. The solution must not only include decisions as to what part of
reality will be modeled, but also how the different things modeled will be related.
Certain significant parts of reality must be selected for modeling; the selection will
determine what questions may be asked by future users of the system. Not surpris-
ingly, the design of the system will influence the user interface. Experience shows
that the design of the data model most often decides whether an information system
isuseful for and accepted by the intended users or not.

This chapter approaches the design of an information system from the point of
view currently prevailing in database research. It is based on methods for knowl-
edge representation as used in artificial intelligence and implemented in first-order
logic. Itis, therefore, more general than the implementation-oriented methods that
have been employed in more traditional database systems.

Traditionally, the design of a data structure for use in an information system is
begun with alist of “fields” in records, which represent information that should be
included. It is then necessary to find out which “fields’ are dependent on which
others (functional and multi-valued dependencies). A breakdown into independent
units (independent in the sense of normalization rules) follows.

We will, in this chapter, ignore all considerations necessary for realization on
present day computers and we will use predicate calculus as a formal vehicle for
our discussion. Using a PROLOG system will allow usto build and test examples

5



6 CHAPTER 2. DESIGNING INFORMATION SYSTEMS

quickly (rapid prototyping). Thiswill permit studentsto experience different design
alternatives without a large programming effort.

Over the last couple of years, the area of deductive databases has been an in-
tense field of research in computer science, and some commercial products have
reached the market. Although these techniques demonstrate performance problems
when confronted with very large (spatial) data sets, we believe that it is important
that the two concerns, “being true to reality” and “performance issues,” are kept
separate. Overall we assess that the “trueto reality” isthe moreimportant consider-
ation and we agree with Nick Chrisman’s demand that “ Systems should not be built
for our imperfect technology, but should reflect the inherent structure of the prob-
lem.” Performance depends on many technical solutionsand changes drastically in
afew years; it should not be valued too highly and influence the structure of our
solution. Some of the problems we have to deal with (e.g., recording ownership of
land tracts) have not been changed substantially over more than athousand years.

In order to prepare for designing a database, a theoretical understanding of
database behavior and the users expectations is necessary. Only afterwards can
informed decisions for the design be made. The theoretical approach presented
here introduces students to basic information management concerns before requir-
ing them to study more specific data handling problems.

2.1 What isIncluded in an Information System?

An information system is built for an organization to fulfill some needs. It is gen-
erally thought that it is cost effective to collect information only once and to make
it availableto all concerned users. If thisisdone, al parts of the organization make
their decisions based upon the same information, which may be advantageous, even
if the information is sometimes wrong.

In this chapter we will only discuss methods to describe the data to be included
in an information system. There are no set rules about what to include and what to
leave out. The structure of the descriptions can sometimes be used to detect holes
or redundancies which require modification to make the system more usable. There
are no clear rules about what is to be included in an information system.
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2.2 Elementary Representation

In an information system we have to store the theory that representsthe model. This
isoften called “knowledge” asit seemsto represent an understanding of reality. The
problem we face then is how to best represent knowledge.

We have selected first-order predicate cal culus (in Horn clause form) asaknowl-
edge representation scheme. Thisisavery genera approach, which induces amin-
imal amount of artifacts. A large variety of types of information can be represented
by this method.

2.2.1 Predicates

Intheformal system of afirst-order predicate calculus apredicateis usually written
as.

p (A B).

This can be read as “the relationship p holds between A and B.” The predicate is
assigned a value of either true or false depending on whether or not the relation
holds.

Often (but not always) the truth value cannot be discerned for a predicate until
after specific values for its arguments have been assigned. When all variables have
been assigned (i.e., bound to) constant values, logicians refer to the predicate as
having an interpretation. For instance, the predicate f a may be true under the
interpretationf a (an, st), but false under theinterpretationfa (he, st).
Thereferenceisonly to the symbolic representation of aformal predicate instance.

We will not use the term interpretation in this way. We will reserve the term
for less formal situations where we want to refer to the meaning attached to the
symbols. For instance, the predicatef a (an, st) canbeinterpreted as“andrew
isthe father of stella”

A predicate has a defined number of arguments, called the arity of the predicate.
In the example above, f a is said to be a binary predicate (i.e., a predicate with
two arguments). Predicates can have any number of arguments, including none.
These would be considered constants, always true or always false. Unary is the
name for a predicate with one argument, binary for two, ternary for a predicate with



8 CHAPTER 2. DESIGNING INFORMATION SYSTEMS

three arguments. Logicians permit the use of the same predicate name for different
predicates with different arities, e.g., f at her (a) to state that a is af at her,
father(a, b) tosatethat a isthef at her of b; we will, however, restrict a
predicate name to be unique for one predicate with a defined arity.

In all of our examples, argument symbols starting with lower case letters stand
for constants, symbols starting with capitals are variables. All predicate symbols
will be lower case. Simple predicates of theformp (x, vy, z,...),withx,y,
Z, ... al being constants, are called facts or ground axions.

Some examples of facts with possible interpretations:

brown (table). “Thetableis brown.”
color (table, brown). “The color of thetableis brown.”
book (rmelville, nmobyDick). “Meéelvillewrote Moby Dick.”

First-order languages may have constants or variables for the arguments of a
predicate, however, the predicate itself must be a constant. Higher-order languages
alow for variables over predicate names aswell. While this extension provides for
additional power, the logic associated with such a language is extremely difficult
and even inconsi stent.

2.2.2 Deduction Rules

These rules will be presented as Horn clauses. Thislimits the expressive power of
the knowledge representation scheme somewhat, since certain situations cannot be
described in Horn clause form (indefinite expressions, e.g., A or B if C).

A rule

p (A B if q (b E), r (F, §.

Thestatement aboveisan example of acomposition of predicatesthat represents
amore extensive statement than those described for a ssimple n-ary predicate type.
Itcanberead as. p (A, B) can have avaluetrue assigned if bothq (D, E)
andr (F, G arefound to betrue. (We use “if”, not “iff” (i.e., if and only if);
“if” isthelogical converse of “implies.”)

chore (washClothes) if day (monday) and weather (clearAndWarm).
grandfather (X, Z) if father (X, Y) and father (Y, 2).
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The second rule can be read as “X is the grandfather of Z if X is the father
of Y and Y isthe father of Z.” Thisis only one rule for describing a grandfather
relationship (a paternal grandfather), but there are others; a maternal grandfather
rule would be:

grandfather (X, Z) if father (X, Y) and mother (Y, 2).
or amore general grandfather rule:

grandfather (X, Z) if father (X, Y) and parent (Y, Z).

2.3 Databases as Formal Models

Previously we discussed how formal systems can be interpreted asamodel for real-
ity. Thisisdone by selecting an interpretation for each symbol in theformal system
that maps that symbol onto some part of reality, such that the interpretations of
provable sentences in the formal system are judged as true in the real world by a
knowledgeable human observer. The formal system:

fa (a, s).
fa (h, a).
fa (g, h).

gfa (X, 2) if fa (X VY) and fa (Y, 2).

with the interpretations:

fa(X,Y) = xisfatherof Y
gf a(X,Y) = xisgrandfather of Y
a = Andrew Frank
h = Henri Frank
g = George Frank
s = StelaFrank

Thisis avalid model of part of the Frank family, because the interpretation
of the sentences above and all logical conclusions from them correspond to true
statements about the Franks.
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Be careful to notethedifference: thewff f at her (a, s) isagroundaxiom
in aformal theory with atruth value “true” assigned; the sentence “Andrew isthe
father of Stella’ isinformation about reality (at least asmall part of it) and isjudged
(or observed) to betrue (Figure 2.1). Theaboveisavalid model, because we havea
systematic mapping and we assume that each wff that hasthe value true corresponds
to acorrect sentence about reality.

>  “stella"

ays
% e

Figure 2.1: Interpretation of themodel fa (a, s).

Using only formal symbol manipulation (like modus ponens) and without ref-
erence to any meaning of the symbols involved, we can conclude from the theory
presented above that:

gfa (h, s).

gfa (g, a).
not gfa (g, a).

For all these wifsthere correspondstrue sentences about the world. These pred-
icates and their interpretation can be regarded as a database about a part of the
Frank family, containing answers to questions like, “Who is the father of Henri?’
or “Whose father is Andrew?’ Together with the rule about grandfathers being the
fathers of fathers, we can even deduce more complex relations. In a short while, a
system will be presented that stores and retrievesfactsin essentially the form given
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above. It can be used to build small databases and prototypesto try out larger ones.
This system will clearly show how databases are related to formal systems.

We will make some assumptions as we write predicates in our database exam-
ples. One of them isthat al stated predicates are implicitly true, i.e., we will write
predicates without explicitly mentioning that they have the value true assigned to
every one of them. In addition, the universal quantifier “for-all” is always in effect
wherever a variable is used and is, by convention, never explicitly written. The
existential quantifier “there-exists’ is simply not used. Other assumptions will be
mentioned later. It should be obviousthat we will write our database using the style
of the streamlined clausal forms (Horn and facts) mentioned earlier.

There are many different ways to express parts of reality in predicates, just as
there are many different ways to select the parts of reality included in a model.
Primarily it depends on the application as to what is an appropriate selection and
representation (a“ good” model), but there are some guidelinesfor the design. They
will be discussed throughout the next section.

2.4 Organization of Information

To form atheory we could combine any information we have about the model (pro-
viding that there are no contradictions, of course). Theoretically, an inference en-
gine could find all valid conclusions. This is the approach taken by many expert
systems, where a relatively small number of facts and rules are used to produce
some very impressive output. Some information systems contain large collections
of facts and rulesin their knowledge bases and the number of conclusions possible
to deduce from them is astronomical.

Even with small collections of axioms, however, it becomes extremely diffi-
cult for humans to track the interactions between the various components. The
recursively convoluted nature of the inferencing mechanism can easily impede a
designer’s understanding of the effect of adding, deleting, or modifying an axiom
in the theory.

Fortunately, however, many facts (and even somerules) haveastructure of their
own which can be exploited to ease the problem. We have assumed all along that it
was possible to organize information about some piece of our world (e.g., land or
family structures); it should come as no surprise to find that the same organization
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methods can be applied directly to information in general.

We now introduce some fundamental concepts (taken from the field of artificial
intelligence) which can be used as tools to organize and describe any model of a
part of reality. The ensemble of these conceptsis called a data model. In selecting
them we must first be completely general ; these concepts must be applicablefor any
use, not just for the specific examples given here. Moreover, we must be careful
that they are sufficiently different from each other and cannot replace one another
(thisistechnically called orthogonality).

From the very beginning of computer programming, we can observe the sep-
aration between data and programs (Figure 2.2). The idea of a stored program is
fundamental to computers as we know them today and is often credited to John von
Neumann.

()

Centra

Processing Unit
Program = Memory

list of instructions

Figure 2.2: Separation of data and computer program.

Other kinds of machines operate using aphysical design which determinestheir
operation; computers can acquire and store a “program” that governs their action.
The computer then operates on data according to the directives in the program.
With most modern computers, programs and data reside in the same type of stor-
age cells and have a very similar format. In fact, it is possible to have comput-
ers (under program control) change the programs themselves, even the program
that they are currently executing; this is caled sdf-modifying code. In the days
of assembly language programming, it became apparent that self-modifying code
could be extremely difficult to comprehend, to debug or later modify. Therefore,
self-modifying code was strictly advised against and programming languages of the
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FORTRAN, COBOL, Algol, Pascal, etc., type included no provisions that would
alow the writing of self-modifying code. There is, however a considerable tradi-
tion in languages designed for artificial intelligence research (primarily LISP and
PROLOG), which permit self-modifying code. Thisisnot an inherently dangerous
process, but it should not be used without appropriate design provisionsand support
fromthelanguage. APL can beconsidered alanguage which permitsself-modifying
code. It can otherwise beused for programminginthe styleof FORTRAN or Pascal;
APL codeis nearly impossible to decipher.

A program includes (in the “old” languages in an implicit form) a description
of the data. The program defines what structure the input data must have and what
output data is afterwards produced. Pascal, with the record data type, allows this
data description to be more explicitly defined. Thisis only a gradual change from
earlier languages, however, as the data description continues to be embodied in the
program. The first step of the database concept is to separate the description of
the data structure from the program, to put it into a central data description facility
(often called a data dictionary) and then include it into all programs that use the
same data. This guarantees that all programs use the same description.

When separate descriptions of the data structure are used they are called “ meta-
data’ (fromthe greek meta—above/about). M eta-data describethe structure of data,
but of course, meta-datais dataitself (it could be atext filein alanguage similar to
Pascal’s data definition syntax).

The data/meta-data separation is a very useful one as long aswe use traditional
programming languages, but it is not inherent in the problem; in fact, quite the con-
trary istrue, as we will see shortly. The data/meta-data separation often introduces
peculiar problems of its own, which are surprising at first until one understands
where the problems are originating. (Further discussion will follow when weintro-
duce traditional data models).

It is probably fair to note that the data/meta-data separation can result in faster
and easier processing of data. It is usualy necessary for the compilation of pro-
grams from a human-oriented high-level language into a executable machine code.
Efficient, high-level languagesthat do not include this separation are not yet widely
available.
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2.5 Uniform Representation of Data and Meta-Data

Using first-order predicate calculus as a programming language makes it superflu-
ousto separate data from meta-data, or, for that matter, data from programs.

Istheclause: fa (andrew, stell a) dataor program? How about: gf a
(A, O iffa (A B) and fa (B, C) ?Ifyouthought that thelatter, being
arule, ismoresimilar to aprogram, thenwhatisgf a (henri, stella)?

In PROLOG, thereis no need to separate the two (except, however, in that their
order of listing may affect the interpreter’s search strategy. It may be also advisable
to group dataand meta-data-like clausesto achieve organizational clarity and amore
easily understood design). We can gain considerable advantages by being able to
treat the data and meta-data in the same expressions. Humans typically use data
fromall levels(dataand meta-data) intheir reasoning and most artificial intelligence
work needs to move smoothly between data and meta-data and use whatever is
required in deduction.

Generally, deduction involving meta-data is more efficient a process than work-
ingwith alarge collection of factual data. Inasearchfor all grandfather’s, for exam-
ple, half the problem space can be eliminated at the meta-datalevel if thereisarule
stating that grandfathers must be males (no need to look at the female population).

We will here take advantage of this unification as it seems easier to understand
what a database is doing if no artificial barriers are put between data and meta-
data. It isthen possible, to completely explain the logical behavior of a database
in auniform setting and with a very small amount of code. Later we will discuss
what limitations arelational and a standard network database management systems
impose, as well astheir effects, still in terms of logic. To use an efficiently imple-
mented database management system should then be only a minor switch from one
language to another.

2.6 Using the Same Data M odel for Data and M eta-Data

A data model provides the means to describe the data structure. As the meta-data,
the description of the datausing the datamodel isagain data, it must haveastructure
aswell. Thereis obviously nothing more simple than to use the same data model
again (this time to describe itself). This recursive situation is similar to our use
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of the Backus-Naur form for description of the Backus-Naur form for production
rules.
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Chapter 3

Structural Components of a
L ogic-Based Data M odel

A data model can be considered on many different levels. Our logic based model
will be founded on basic abstraction methods and the following fundamental con-

cepts:
e entities,

e relations,

properties, and
e values.

The concepts used for organizing datain this chapter are fundamental and generally
applicable. Unfortunately, most of the available database management systems do
not incorporate them completely nor do they fully use the semantics presented here.
In order to improve performance and to lower storage utilization, only reduced and
less general constructs are included.

We will use predicate logic to build asmall database describing the facts mod-
ding redlity. It is extremely important to understand these concepts as these form
part of the rationale on which the database is founded.

17



18 CHAPTER 3. STRUCTURAL COMPONENTS

Although the formalisms in this and subsequent chapters are expressed using
PROLOG, they are independent of any language or specific database management
system. PROLOG provides a convenient notation for a first-order logic with the
additional benefit that the formulae can be executed and tried as a small database.

Remember that if aquery contains all constant arguments, the result issimply a
confirmation of the presence of that fact in the database; PROLOG returns success
or failure. If there are variables in the query, the result is alist of valueslocated in
the database that satisfy the query.

L ater we may employ the extensions provided by PROLOG, but for now, except
where noted, the formulas are exactly “first-order” and do not make use of any
built-in “extra-logical” predicates, (e.g., the “cut”, which isonly used to provide a
“not” operator unavailable in standard PROLOG). Readers are encouraged to type
in these examples and try them out. Playing with the concepts can certainly help
one to grasp the simple, but far reaching concepts.

3.1 Entities

For modeling purposes we have to identify things we want to model and separate
them from their environment. Those things are called entities. Generally, an entity
will be represented by an entity symboal (i.e., the entity’s“name”).

An entity is anything, real or imaginary, that is thought of as having an
independent existence.

Entities can be “John Alexander”, “the marriage of John Doe’, or “thetreein
front of my home.”

The concept of entity should not be too narrowly restricted; keep a very open
mind about what entities can be. We will often refer to entities as concrete objects
in our examples, e.g., people and puppies, each of which may be qualified somehow
by the existence of a property with various values, or by its participation in some
relationships with other entities. These properties, values, and relations, however,
can also be considered as entitiesthemsel vesin certain contexts, and theinterrelated
nature of these concepts may result in some very profound confusion.
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What an entity is, therefore, depends on the application; however, regardless
of the application, it must have a clear and distinct existence and be fully deter-
mined. We would not consider things described by sel ection whose result may vary
as entities (e.g., “the best SVE student,” but “the best SVE student in 1984” is ok).

In aformal system we need a mechanism to identify uniquely each entity. We
employ an identifying constant (e.g., an apha-numeric constant) for each entity,
and we assume in our model that there is a mapping between the real thing and the
constant. Do not confuse the real world name of an entity with theidentifier that we
will often use to represent the entity. A nameis simply a property of some entities
and any number of individuals can have the same name (as they share the color of
their hair or an academic major).

To simplify exposition in this text, we will assume that the identifier name
(the representative constant symbol) is unique for that entity (corresponding to the
Unique Name Assumption) in our database. If we want to use the actual names as
constant symbols we have to be careful that they are unique—otherwise we have
to add to them till they are unique (e.g., peterl, peter2, peter3). We will then add a
property, “name,” which yields the name of the individua (e.g., Peter for al three
peterl, peter2, peter3). It becomes meaningful to ask who has the same name, but
it is clearly not meaningful to ask which individuals are the same.

Although, to be formally correct, entities can neither be read nor printed, PRO-
LOG contains a facility that uses the printable form of the entity symbol for user
referencein input and output. Thisisclearly avery useful extension, and should be
understood as an additional property every entity has, which yieldsits symbol as a
printable name.

3.2 Redations

Entities by themselves would be mere collections of the things of concern. Even
though the existence or non-existence of something is occasionally of interest, it
isfar more interesting to record and analyze how entities are related to each other.
Thiswill be expressed through relations.

A binary relation consists of arelation name and two entities that are
linked by thisrelation.
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A relation is not necessarily a function, but it is a mapping from one set of
entities onto ancther. For a binary relation, we will write a predicate of the form:

p (Entityl, RelationNanme, Entity2).

Relation operations are often continuable in that the result of the relation may be
another entity which in turn can be used as input for another relation. It is possible
to link relationstogether and it becomes interesting to consider what successive ap-
plication of arelation means, comparabl e to the successive application of afunction
in regular algebra:

SQRT (SQR (25) ). or
ADD (3, ADD (4, 5)).

Although nested functions are formally permitted in first-order logic, (asterms,
i.e., arguments of a predicate) they are not in PROL OG. Predicates are special cases
of functions that only return Boolean values and generally we need non-Boolean
values for the predicate arguments. We can achieve the same results, however, by
chaining relation predicates together (the third argument of the first is equal to the
first argument of the second, etc.).

Suppose we want a predicate like:

p (X w f(2)).

where f (Z) is afunction that returns some value that would act as the third
argument of p. The predicate (relation) p is trying to state that X has the relation
w with the result of function f ( Z) . Using an example from our family relations:
f (Z) could be afunction that returns the father of Z. For example, the result of
f(stella) would be Andrew. Then p could mean that Irja, X, would have the
relation wife, w, with the father of Stella, Z, which is Andrew or f ( Z) . PROLOG
does not allow this formulation, so we must rewrite p as.

p (X wW, 2)if p(X w Y, p(Y, f, 2.

Xisthewife-of-the-father of Z if Xisthewifeof Y and Y isthefather of Z. This
is straightforward interpretation of the previous (illegal) form.
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3.3 Properties

Entities have properties describing them. For ordinary properties (single-valued
properties), thereisaways exactly one property val ue associated with one property,
for example, my haircolor (property name) is brown (property value).

Thereisafunctional dependency from the entity to the value of a property, i.e.,
given the entity thereis only one value for this property. We can see a property asa
function which maps from the domain of entities onto the range of property values.

propertyName (Entity) = value.
For instance:

firstname (max) = Max.

haircolor (max) = brown.

If the type of values is not restricted (and eventually functions with multiple
results will be included) then thisis an extremely powerful concept.

Properties are a pair, consisting of the property name and a property
value, which describe an entity. For an entity, avalue (of whatever type)
is associated with the property name. A property name can be consid-
ered afunction to be applied to an entity which yields a value.

In PROL OG we can accommodate propertiesfor entitiesasapredicate (e.g., “p”)
with three arguments:
p (Entity-1d, Property-Name, Property-Value).

For instance,
p (maria, haircolor, brown).
p (david, haircolor, blonde).

Questions like, “Who has brown hair,” can be asked.
p (X, haircolor, brown).

Remember that the constants davi d and nar i a in the above example stand
for entity identifiers and not the names of people. It is proper to add the properties
“firstName” and “familyName” as follows:

p (david, firstNanme, ' ‘david ’).
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p (david, famlyNane, ‘‘bowie'’).

There are no formal reasons why a property must map to a single value. It is
certainly possible to develop a modd in which the result of a property mapping
could be an array, a Pascal-like record structure, a LISP-like list structure, or any
other complex object. Implementing such amodel isdifficult, however, since addi-
tional provisions must be made for operations on the complex value types. Recent
versions of PROLOG have introduced some complex value handling facilities.

3.4 Values

Valuesarethe primitive symbolswhich characterize the quantity or qual-
ity of aparticular property of an entity. They respond to basic operations.

Thereis no firm guideline to separate entities and values; it al depends on the
purpose of the model you design. What is a value in one model may be an entity
in another. The functional differenceisin the operations that can be applied to one
or the other. Entities are objects which can have properties which are grouped into
classes and which can participate in relations. Values, on the other hand, respond
to different operations (e.g., input/output or arithmetic, etc.; operations not found
in first-order logic, but which are extensions provided by PROLOG).

We will, for practical reasons, assume that an entity can generally change a
property value over time without significantly changing the identity of the entity.
Thereisconsiderableresearch into databasesthat can handleatemporal aspect. Itis,
moreover, aphilosophical problem beyond the scope of this text to argue questions
such as: areyou the sameor adifferent person from the one you were ten years ago,
one year ago, one second ago, etc.?



Chapter 4

Advanced Features of a
L ogic-Based Data M odel

The logic database model, i.e., the proof-theoretic data model, allows for a more
powerful construction than the relational model. In this chapter we will explore
some of the methods for knowledge representation which will demonstrate this.
We will also discuss some properties of relations.

It isimportant to realize that describing our model in formal terms is not only
crucial to building the mechanical aspects of an information system, but also to
allow users the opportunity to check the database designer’s understanding of the
model. Recall that the same word may have a different (even if only dightly dif-
ferent) meaning for different people and that there are no secure ways to check
these differences or to communicate them. It is generally assumed in linguistics
that the meaning of words is conveyed by their image and by their relationship to
other words. If we model formally the exact connection between words it will be
possible for others to see what meaning we have assigned to a given word.

For instance, if wewant to know what an uncleisin aparticular proof-theoretic
database implementation, all information about uncles can be obtained in the facts
and rules stored in that database.

uncle (X, Y) if brother (X 2), parent (Z, Y).

If the preceding is al that can be found on the subject of uncles, it can easily
be determined that this database does not consider the husband of the sister of a

23
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parent as an uncle nor does it allow the term to be used as an honorific title for an
old family friend.

In general the techniques mentioned here are designed to describe the model
we build and each technique can be described using the ordinary tools of first-order
logic. We will show how certain situations can be generalized and organized in a
way which should help us clarify and reason about properties.

4.1 Reationsbetween Relations

Oftenonerelationisclosely related to another such that we can deduce the existence
of onefrom the other. Such situations are well-known in mathematics and we shall
use terminology from mathematics to describe what follows. It may be surprising
that similar concepts apply to very common every-day situations.

Many of the relations described here are a potential source of redundancy, es-
pecially if both of the related relations are stored. To get the appropriate response
from a proof-theoretic database which has axioms describing relations such asthese
requires deep analysis of their rather extensive effects.

In mathematics arelation is called the conver se of another one, if the existence
of aparticular relation mapping from « onto b (written a R b) impliesthat thereis
another relation (the converse) that will map b onto a (a R~ b).

If R isarelation, the converse (reversed) relation of R, written R~1, is
arelation suchthat y R~ z if and only if z R y.

A number of examples for relations with converses:
e parent/ child

e supervises/ issupervised by

e owns/ isowned by

Typically the English language uses the active/passive voice and the same verb to
express arelation and its converse.

A binary relation is called reflexive if for any x, the relation « to « is
true: i.e,Vz .z R =.
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Relations with equalsin them (e.g., =, <, >) arereflexive. An entity is aways

equal to itself. If it can be assumed that when you talk at least you are listening to
what you say then the relation ListensTo would be reflexive.

A binary relation is called irreflexive if it is not reflexive, i.e., not Va
xRz

Relationswithout equals (e.g., <, >, ) areirreflexive. The relation BrotherOf
isirreflexive, because no oneis hisor her own brother.

A relation is called symmetricif, Ve, y: 2 Ry = vy R x.

This states automatically that a symmetric relation is its own converse. For
instance, a partnership is symmetric, because « is a partner of y, thus y is apartner
of . Other examples of symmetric relations include spouses and true friends.

A relation is called asymmetric if we can conclude from = R y that
y R x doesnot hold, i.e,Vz,y:x Ry = not(y R z).

Examples of asymmetric relations include supervises and father.
A relation is called antisymmetricif Vo, y: 2 RyAy Rx = = =y.

Examples of antisymmetric relations include less than or equal to and not older

The difference between symmetry, asymmetry, and antisymmetry is that with
symmetry the related entities can always be reversed; with asymmetry the entities

can never be reversed; with antisymmetry the entities may be reversed, but only if
they are equal.

A relation iscalled linear (or connex) if Vo, y: 2 RyVy R z.

Examplesinclude, less than, greater than, and older.
A relationiscaled transitiveif Ve, zdy: s RyAy Rz — 2 R z.

A typica transitive relation is equal or less, but there are many others like an-
cestor, supervises, and prerequisite of.
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4.2 Combinations of Relations

A relation can have more than one of the above properties. The extremely impor-
tant class of equivalence relations are defined as being reflexive, symmetric, and
transitive. Relationswhich are antisymmetric and transitive introduce an order into
the entities.

We assumethat describing relationslike those abovewill help clarify the database
schema. Mathematics considers equality and order to be fundamental to its exis-
tence; it ismost likely that they will be just as necessary for any non-trivial database
application.

4.3 |Implementations of Relations

To better utilize the ideas presented, keep in mind that a relation can be considered
at the same time on many different levels of abstraction; as arelation between two
entities; as an entity itself with a property/value pair; or as an entity related to an-
other entity. We can then add facts to the database that not only describe simple
entities, e.g., that tables are brown or that Andrew is Stella'sfather, etc., but we can
also add facts about the relations, i.e., that they can have properties like transitivity
or reflexivity.

For instance, supervises has the property of being atransitive relation; therela-
tion between supervises and supervised is that they are converses.

p (bob, supervises, ted).
p (supervises, relationProp, transitive).
p (supervises, converse, supervised).

General rules that implement the properties of relations follow:

p (X, ConverseRelation, Y) if
p (Relation, converse, ConverseRel ation),
p (Y, Relation, X).
p (X, Relation, X) if
p (Relation, relationProperty, reflexive).
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p (X, Relation, Y) if
p (Relation, relationProperty, symetric),
p (Y, Relation, X).
p (X, Relation, Y) if
p (Relation, relationProperty, transitive),
p (X, Relation, XY), p (XY, Relation, V).
p (X, ConverseRelation, Y) if
p (Rel ation, converse, ConverseRelation),
p (Relation, relationProperty, transitive),
p (Y, Relation, YX), p (YX, Relation, X).

In avery abstract sense thistakes care of many of the deduction rules which would
otherwise be necessary in adatabase. Thereis no specific need to explain individu-
ally that “supervises’ and “is supervised by” arethe converse of each other, nor the
fact that my boss' bossis also my boss (transitivity).

Having these tool s available we can proceed to apply them to the description of
our data model.

44 Caveats

The above clauses assume that for arelation and its converse all thefacts are stored
with the relation and none with the converse. With some additional rules this limi-
tation can be lifted and facts stored with both, i.e.,

p (X, ConverseRelation, Y) if
p (ConverseRel ati on, converse, Relation),
p (Y, Relation, X).
p (X, ConverseRelation, Y) if
p (ConverseRel ati on, converse, Relation),
p (Relation, relationProperty, transitive),
p (Y, Relation, YX), p (YX, Relation, X).

Itisnot advisableto do so, however; it makesthe comprehension of the database
more difficult.
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In addition many of the above rules result in infinite recursions (the equivalent
of an infinite loop) if attempts are made to implement them directly in PROLOG.
Remember that a predicate will be recursive if the same predicate appears in both
the consegquent and the antecedent side of a clause.

Consider the problem of stating a rule for a symmetric relation, where we are
tempted to write:

a (X v if al(y, X.

The use of this rule will obviously cause infinite recursion, because attempts to
satisfy the antecedent cause a new invocation of the consequent. The same pred-
icate is used on both sides and there is no limiting mechanism employed. Such
expressions are called directly recursive; there are indirect forms as well.

Thislimitation is a problem of the inference engine employed. It is possible to
add a check to the inference algorithm such that infinite recursion resultsin failure.
Only finite sequences can reach positivegoals. Thus, thistechnique doesnot change
the theoretical power of the inference. This so-called “ occurs check” is somewhat
expensive to perform automatically during execution and most PROLOG systems
do not doit, requiring the programmer to take precautions against infinite recursion
in his selection of axioms.



Chapter 5

Abstraction Methods

Asdiscussed before, humans perceivereality in a selective way, influenced by their
need to know, their experience, and their education. They form mental models
which may again be simplified more than the original perception. All these steps
condense billions of irrelevant details into afew meaningful traits, an operation to
which we refer as abstraction.

Obviousy humans organize their mental models of reality in ways that permit
them to reason using different levels of abstraction at once, not just one specific
level. Information systemsthat properly model reality must beable do so at different
levels of abstraction as well.

If you reason about a friend’s economic situation, you use pieces of
knowledge about his or her special situation (e.g., he has a car, she has
a work-study job). You aso use knowledge about abstract things that
may also pertain to your friend, e.g., if your friend isastudent, you may
consider the cost of tuition or the salary range of work-study positions.

The term abstraction means that we leave away some traits that are inconse-
guential for the problem at hand and concentrate on the properties of importance.
Thisisclearly dependent on thetask at hand and can be done in different ways. One
of the mgjor problemsin building an integrated information system isto isolate the
important concerns and include them in the formal system.

29
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Experientialists have observed that the base concepts humans use are estab-
lished early intheir life as abstractions from the bodily experience. Thisexperience
is the same for all humans as they depend primarily on the physiology of the hu-
man body, and establishes a foundation on which to base communication and to
avoid subjectivism. The meta model is the generic description of a situation (e.g.,
“a person owns a building” as opposed to the specific model “Doe Smith owns
the building at 56 Park Street”). The abstraction mechanisms available in the data
model determine the meta models and specific models that can be used, and thus,
the expressive power of a GIS (Figure 5.1). If the abstraction mechanisms are in-
sufficient, the meta model of reality is inadequate and the mapping from the user
concept of the object behavior onto the GIS modd will be strenuous and difficult to
understand. This makes the GIS hard to use.

@ > Software Engineering - > GIs
@)

O

O

@ DBMS

!

Abstraction can be applied on al levels of model building. We can especially
consider the abstract concepts produced by a previous step of abstraction as indi-
viduals on which further abstraction steps can be applied (i.e., the continuability of
abstraction operations). As an example, consider something that is the result of an
abstraction process (e.g., the concept “dog” resulting from the abstraction of many
details in individual dogs) as an individual subjected to another abstraction (e.g.,
the concepts “dog”, “table”’, and “chair” can be considered to be “things with legs’
and that these can be further considered as “classes of things’, etc.). We will show
how the data model used in this chapter can be described in terms of itself. This
step is comparableto our use of the Backus-Naur form to describe the Backus-Naur
form of production rules.

Figure 5.1: Model, Software Engineering, and DBM S for GIS.
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Inthischapter wewill describe abstraction methodsasthe most important aspect
of the organization of knowledge. We will, therefore, primarily deal with abstrac-
tion in reference to meta-data. Several branches in computer science (artificia in-
telligence, software engineering, database management systems, human-computer
interaction) have recently promoted an object-oriented approach to overcome the
inherent problems of using traditional methods for these so-called non-standard ap-
plications. Object-oriented data models have been developed to capture more se-
mantics than the relational model; interfaces make systems appear more natural and
easi er to use; object-oriented database management systems have been investigated
to provide the corresponding features for storage and retrieval of complex objects;
and object-oriented software engineering techniques and programming languages
have been devel oped to support theimplementation of software systemswhich were
designed following an object-oriented approach and to alow for immediate imple-
mentations of object concepts rather than simulating them with traditional program-
ming languages.

The focus will be on conceptual achievements which will help to improve the
modeling power of spatial information systems so that the often complex spatial
phenomena may be expressed in terms closer to the humans' thinking. Attaching
the adjective object-oriented to a system just because it was implemented in an
object-oriented programming language is misleading. Such a detail should not be
visible to the user and thusirrelevant.

5.1 Object-Orientation

This section introduces the notation of objects and the abstraction tools available
to deal with them, following Dittrich’s synthesis. A definition of object-orientation
isthat

e any entity, independent of whatever complexity and structure, may be repre-
sented by exactly one object.

No artificial decomposition into simpler parts should be necessary due to technical
restrictions. Thisisreferred to as structural object-orientation.

Complex datatypes per se, modeling large objects such as entire cities (with all
details about streets, buildings, etc.), do not overcome the problem of data structur-
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ing, and only the combination of complex object types and operations upon such
instances providesthe necessary view of objects. Thissecond component of object-
orientation is called operational object-orientation and requires that

e operations on complex objects are possible without having to decompose the
objects into a number of simple objects.

The third notion,behavioral object-orientation, states that

e asystem must allow its objects to be accessed and modified only through a
set of operations specific to an object type.

Thischapter will focuses on theaspectsrelated to structural object-orientation—
behavioral aspects are covered in the following chapter and the operational aspects,
which are rather implementation driven, will be considered in Part 3.

To describe structural object-orientation, we will use four fundamental abstrac-
tion mechanisms and discuss their properties and interactions:

o classification: aconcern with the type of the individual, rather than the indi-
vidual itself. It isthe recognition of common traits among individuals.

e generalization: the recognition of commonalities among classes.

e aggregation: the construction of complex objects from more fundamental
ones.

These three abstraction methods are independent from one another as can be seen
from the domain and range of each.

5.2 Classification

Classification is the mapping of several objects (instances) onto a common class.
The word object is used for a single occurrence (instantiation) of data describing
something that has some individuality and some observable behavior. The terms
object type, sort, type, abstract data type, or module refer to types of objects, de-
pending on the context. In the object-oriented approach, for every object, there
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exists at least one corresponding class, i.e., every object is an instance of a class,
therefore, classification is often referred to as the instance of relationship.

A type characterizes the behavior of its instances by describing the common
operators that can manipulate those objects. These operations are the only means
to manipulate objects. All objects that belong to the same class are described by
the same properties and have the same operations. For example, the model for a
TownN may include the classes RESIDENCE, COMMERCIALBUILDING, STREET,
and LanpParcEL. A single instance, such as the building with the address “26
Grove Street,” is an object of the corresponding object type, that is, the particular
object is an instance of the class REsiDENCE. Operations and properties are as-
signed to aobject types, for instance, the class REsIDENCE may have the property
NUMBEROFBEDROOMS Which is specific for all residences. Likewise, the class
STREET may have an operationto determineal ApjacENTPARCELS (Figure5.2).

RESIDENCE STREET

NUMBEROFBEDROOMS ADJACENTPARCEL

Figure5.2: Graphical representationsfor thetwo classes RESIDENCE and STREET.

Differences between objects of the same class are based upon their property
values. Property values describe the individual characteristic of each object. For
example, two LANDPARCELS may bedistinguished by their ADDRESSES, different
values of their ArEAsS, or specific LANDUSETYPES.

In apredicate cal culus environment, the conventional axiom (ground axiom) to
indicate classification is:

r (john, instanceCf, student).
or alternatively:

i nstanceOf (john, student).

The equivalence of the long and short form is established by the rule:

r (object, instanceCf, class) if

i nstanceOf (Object, C ass).
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The converse relation to classification is instantiation, where a particular entity
(i.e., an instance of the class) is derived from the generic description.

r (dass, classOf, (bject) if

r (Object, instanceCO, d ass).
or, shorter, using a more general method:

converse (instanceCt, classO).

It is very important not to confuse an individua (a concrete object) with the
generic, abstract form into which it may be classified. A class of objects merely
describes a potential for particular characteristics; the individual members of the
class embody those characteristics. A class can be thought of as the generic or
typica thing, e.g., the class “dog” and the generic dog are essentially the same
concept. For instance, it istypical for a dog to have a name. Each individual dog
has its own name, whereas the generic dog, the class of dog, only has the property
of having aname. The difference hasa profound effect on the semantics of therules
for relations among entities and their classes.

When an entity has a property that concerns the entity directly, it is referred
to as afactual or extensional property; when a class (or type) has a property that
defineswhat it isto be of that class (i.e., it is aproperty concerning its members) it
isreferred to as definitional or intensional.

EXTENSIONAL
INTENSIONAL

Describing the instantiated form.
Describing the generic form.

Having brown hair coloring is an intensional property of the class of Brunettes.
That Mary has brown hair is an extensional property of Mary.

Anindividual can be classified into two or more different generic forms simul-
taneoudly. Stella’s toy truck belongs, concurrently, in the classes “toy” and “truck”
and it has, at the same time, properties typical for trucks and for toys.

To help clarify the idea of aclass, it may be beneficial to compare a classto a
Pascal TY PE statement. The TY PE statement servesas adescription of the structure
of some important program entity; the actual entity must, however, wait for aVAR
statement to beinstantiated (i.e., to have memory spaceallotted). A typedeclaration
doesnot declareavariable, but only describeswhat it isto be one of that type (class)
of which none, one or more may exist.
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Thereis, of course, more to theidea of a class than a description of theinternal
structure of a member entity. A classis more appropriately compared to the struc-
tured programming notion of an abstract datatype (ADT) inthat it providesnot only
adescription of the structure of an entity, but of the operationsthat are permitted on
that entity aswell. It still does not, however, actually represent a specific instance
of amember entity.

5.3 Generalization

Generalization® groups severa classes of objects with common operations into
a more general superclass. The term superclass characterizes this grouping and
refers to object types which are related by an is a relation. The converse relation
of superclass, the subclass, describes a specialization of the superclass. Frequently,
the terms parent and child are also used for superclass and subclass, respectively.
Though thisterminology is helpful to clarify the dependency of subclasses from su-
perclasses, it is not accurate with respect to the abstraction, because the relationship
between parent and child is not is.a. Subclass and superclass are abstractions for
the same object and do not describe two different objects. For example, each REs-
IDENCE isaBuUILDING; RESIDENCE isasubclass of BuiLpING, while BUILDING
isits superclass (Figure 5.3). The residence with the address*“ 26 Grove Street,” for
example, issimultaneously an instance of the classes REsiDENCE and itssuperclass
BuiLping.

BuiLping

RESIDENCE

Figure 5.3: A generalization hierarchy with the more general class (BUILDING)
depicted around the more specialized class (RESIDENCE).

Thisisnot to be confused with the same term used in cartography.
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Two properties of generalization should be mentioned in more detail:

o A superclass may encompass multiple subclasses. For example, besides REs-
IDENCES, there may be other building types such as Hospitars and Com-
MERCIALBUILDINGS (Figure 5.4).

BuiLping

RESIDENCE

HospriTAL

COMMERCIALBUILDING

Figure 5.4: A generalization hierarchy with multiple subclasses of a superclass.

e Generalization may have an arbitrary number of levels in which a subclass
has the role of a superclass for another, more specific class. For example, the
speciaization from BuiLpings to RESIDENCES can be extended with the
classes RURALRESIDENCE and CITYRESIDENCE, both being subclasses of
REsIDENCE. While RESIDENCE isasubclass of BuiLDING, it isat the same
timeasuperclassfor RURALREsSIDENCE and CITYRESIDENCE (Figure5.5).

We add to our database (theory) that: all students are persons; al persons are
mammals; all mammals are animals; al animals are living things.

r (student, superclass, person).

r (person, superclass, mamml).

r (mammal, superclass, aninal).

r (animal, superclass, l|ivingThing).
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BuiLping

RESIDENCE

RURALRESIDENCE

CITYRESIDENCE

Figure 5.5: Transitivity of generalization.

The relation converse to superclass is subclass, which is expressed in therule:

converse (superclass, subclass).
Superclass is a transitive relation: the superclass of a superclass of X is also the
superclass of X (e.g., if person is the superclass of student, and mammal is the su-
perclass of person, we can conclude that mammal is also the superclass of student).

transitive (superclass).

Since John is a student and student is further classified through superclass as
person, mammal, etc., John is also a person and a mammal, etc.

p (X instanced, C2) if r (Cl, superclass, C2),

p (X, instanceOr, Cl).

Problems may appear at the top of the abstraction pyramid. The class of aclass
is certainly “class.” There seems to be a necessity for a top superclass (we will
name it “entity”) which has no superclass. Thisis similar to the class “object” in
Smalltalk which has also no superclass.
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54 Aggregation

An abstraction mechanism, similar to association, is aggregation which models
composed objects, i.e., objectswhich consist of other objects. Several objectscanbe
combined to form asemantically higher-level object, called aggregate or composite
object, where each part has its own functionality. The terms subpart or component
refer to the parts of the composite object. Operations of aggregates are not com-
patible with operations on parts, and vice-versa. When considering the aggregate,
details of the constituent objects are suppressed. Every instance of an aggregate ob-
ject can be decomposed into the instances of the corresponding component objects.

Therelation established by aggregation is often called the part_of -relation since
aggregated instances are parts of the aggregate and the relationship converse to
part of is called consists of. For example, a CiTy may be modeled as an aggre-
gateof al HousELoTs, STREETS, and PArRks—they are part_of a CiTy or, con-
versely, a City consists of them (Figure 5.6).

Ciry

4 A A

HoustLoT STREET PARK

Figure 5.6: A Crty modelled as the aggregate of Housel.oTs, STREETS, and
PARKS.

Aggregation applied to objects (components) produces an aggregate (or record)
type data structure. An operation over an aggregate consists of a fixed number of
different operations in sequence or in parallel, one for each component. Hence,
aggregation relates to sequence or parallel control structures.

The partOf relation in each caseisaspecial one, different from any other. If one
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considers the range and domain of these partOf relations, one can see that they are
al different. It may be necessary to indicate these differences by using specialized
relation names, e.g., partOfFamily, partOfHouse, etc.

5.5 Concurrent Abstraction Processes

A warning: the three abstraction processes just described differ fundamentally in
the domain and range of therelationsinvolved: entity-entity (aggregation and asso-
ciation), entity-class (classification), and class-class (generalization). Maintaining
an appropriate separation, however, is not easy.

For instance, although we have previously defined “dog” asaclass of objects, a
particular group of dogs may have a collective property/value pair, e.g., an average
height, that is not a common property or property/value pair of the individuals of
the group. Inthis case, the collection to which the term dog refersis not considered
as a generic representation, but as a particular (aggregate) entity; the term dog no
longer refersto what is essential in being adog, but to a special, well-defined set of
dogs.

Recognizing the distinctions in the use of the term is difficult sometimes, but
always critical; otherwise, inappropriate operations may be applied such that incor-
rect results are produced.

Aggregation always induces classification and vice versa. Entities described
as being instances of a class are also, at the same time, described as being part of
agroup, i.e., the group of instances of the class. Entities defined as being part of
something are also instances of a class which represents what it is to be a part of
that thing. For example, membersof afamily aggregateto form adistinct collective,
i.e., the family, but the members all have, by virtue of their family membership, the
common property of being of that family.

Stellais partOf the Frank family, but she can also belong to that class of people
who are Frank family members.

Dogshavefour legs. “Dogs’ isaclassand classisan abstract concept; it cannot
have legs. The term “Dogs,” however, can aso stand for that entity collectively
representing al of the current members of the class who have 4 legs.

Thisdualism may not always be explicitly stated, but it always exists. Humans
constantly useit to switch from one version of abstraction to another, placing anin-
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dividual into aclass, which isthen used as an entity for aggregation into some other
entity, which may be then further classified, etc. Humans often suspend formalities
of interpretation when convenience and efficiency dictate. A good database (theory)
should be able to handle similar trandations, but it is obvious that its construction

will not be easy.



Chapter 6

M odeling Behavior

Initially, the abstraction mechanisms were targeted only to model complexly struc-
tured objects, such as molecules in chemistry, geographic data, or solids in
CAD/CAM. Over the last decade, these discussions have progressed to detailed
descriptions of the toolsto model the behavior of objects. These ideas of formaliz-
ing behavior are closealy linked to notions in software engineering such as abstract
data types or algebraic specifications, which will be discussed in detail in Part 3.

This chapter focuses on the the crucial concepts of inheritance and propagation
to describe the derivation of properties in generalization hierarchies and values in
aggregation hierarchies, respectively. Sometimes propagation isalso called upward
inheritance, but it should become clear from this paper that these are two different
concepts which must be strictly separated.

6.1 Inheritance

In ageneraization hierarchy, the properties and methods of the subclasses depend
upon the structure and properties of the superclass or superclasses. Inheritance is
a method to define a class in terms of one or more other, more general classes.
Properties which are common to a class and its subclasses are defined only once
(with the superclass), and inherited to al objects of the subclass. Subclasses may
have additional, specific properties and operations which are not shared with the
superclass, but they strictly have all operations and properties of the superclass.

41
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Operations of the superclass are compatible among objects of the superclass and al
its subclasses. Every operation on an object of a superclass can be carried out on
the subclass as well; however, operations specifically defined for the subclass are
not compatible with superclass objects.

The implementation of an operation common to several classes may be differ-
ent for each class, but must obey the rules set forth by the superclass. For exam-
ple, two-dimensional and three-dimensional coordinates are both representations
for PornTs. From this superclass PoinT both subclasses, 2D-poinT and 3D-
POINT, inherit operations such as calculating the pisTaNcE and DIRECTION be-
tween two points. The implementation of these operations is different; however,
from the outside they behave the same in terms of the definition of distance and
direction.

In terms of the algebra, a superclassis the intersection of all the axioms of all
its subclasses, or, the reverse, a subclass contains all the axioms of the superclass
plus some additional ones. In order to maintain such simplicity, one hasto exclude
that a subclass may only inherit parts of the operations prescribed by the superclass.
Otherwise, complex exception rules apply.

The concept of inheritance can be concisely represented in FOL. We start with
the links between classes and its properties. Each property of aclassis expressed
asapredicate of theformp (C ass, Property), eg.,

p (building, address).
p (building, owner).
p (residence, resident).

Generalization is described asthei s_a-predicate of the form
is_a (Subclass, Superclass),eg.,

is_a (rural Residence, residence).
is_a (urbanResi dence, residence).
is_a (residence, building).

Inheritance is then defined by the predicate pr operti es which recursively de-
rives the properties associated with a class and all its superclasses.

properties (C ass, Property) IF
p (dass, Property).
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properties (C ass, Property) IF
is a (Cass, Superclass),
properties (Superclass, Property).

All propertiesof the class urbanResi dencecan then be determined with the predicate
properties (urbanResi dence, Prop).
which the following values for the variable pr op fulfill:

Prop = resident
Prop addr ess
Prop = owner

Inheritance is transitive, i.e., the properties are passed along from a superclass
to al related subclasses, and to their subclasses, etc. This concept is very powerful,
becauseit reducesinformation redundancy and maintainsintegrity. Modularity and
consistency are supported since essential properties of an object are defined only
once and inherited in al relationshipsin which it takes part.

6.1.1 SingleInheritance

Inheritance can be strictly hierarchical and isthen often referred to as single inher-
itance. Single inheritance requires that any class has at most one single immediate
superclass. Thisrestriction impliesthat each subclass belongs only to asingle hier-
archy group and one class cannot be part of several distinct hierarchies.
Thefollowing example showsinheritance along ageneralization hierarchy (Fig-
ure 6.1). RESIDENCE is the general superclass and CiTyREsIDENCE and Ru-
RALRESIDENCE are the specific subclasses. All properties and operations of the
class RESIDENCE are inherited to its two subclasses. For example, RESIDENT and
MOVINGIN areassociated withthe class REsIDENCE and inheritedto all CiTy REs-
IDENCES and RURALRESIDENCES. They are compatible with with CrtvREs-
IDENCES and RURALRESIDENCES. On the other hand, the operations defined
specifically for a subclass are not applicable to objects of the superclasses. For in-
stance, NEXTSUBWAYSTOP isaproperty which appliesonly to C1TY RESIDENCES.
The transitive property of inheritance implies that any property is passed not
only from the superclassto theimmediate subclasses, but al so to their sub-subclasses,
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RESIDENCE

CITYRESIDENCE

NEXTSUBWAYSTOP

RURALRESIDENCE

RESIDENT
MOVINGIN

Figure 6.1: Inheritance of the property RESIDENT along the generalization hierar-
chy.

etc. For example, the properties of a BuiLping, such as ADDRESS and OWNER,
areinherited to the subclass RESIDENCE, and also transitively to the sub-subclasses
RuraLREsSIDENCE and CiTyRESIDENCE (Figure 6.2).

6.1.2 Multiplelnheritance

Thestructure of astrict hierarchy isanidealized model and failsmost often when ap-
plied to real world data. Most “hierarchies’ have afew non-hierarchical exceptions
in which one subclass has more than a single, direct superclass. Thus, pure hierar-
chies are not always the adequate structure for inheritance. Instead, the concept of
multipleinheritance permits oneto pass properties from several higher-level classes
to another class. Thisstructureis not hierarchical, because—in terms of the parent-
child relation—one child can have several parents. In the simplest case of multiple
inheritance, asubclassinherits propertiesfrom two distinct superclasses. For exam-
ple, the different rolesof a LANDPARCEL asa TaXABLEITEM and a REALESTA-
TEOBIECT can be effectively modeled by multiple inheritance (Figure 6.3).
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BuiLping

RESIDENCE

RURALRESIDENCE

CITYRESIDENCE

ADDRESS

OWNER

Figure 6.2: Transitively inheriting the properties ADDRESS and owNER to all sub-
classes of BUILDING.

A more complex GIS example shows how multiple inheritance combines two
distinct hierarchies (Figure 6.4). The first hierarchy is determined by the separa-
tion of TRANSPORTATIONLINKS into ARTIFICIALLINKS and NATURALLINKS.
Hicawaysand CHANNELS are ARTIFICIALTRANSPORTATION WaYs, and Nav-
IGABLERIVERS are NATURALTRANSPORTATIONLINKS. WATERBODIES with
Ponbps, CEANNELS, and Rivers form a second hierarchy, in which two types
of rivers are distinguished: NaviGaBLERIVERS and NON-NAVIGABLERIVERS.
Classeswith propertiesfrom both hierarchiesare CHANNELS that are ARTIFICTIAL-
TRANSPORTATIONLINKS and WATERBoDIES, and NaviGaBLERIVERS that are
RivErs and NATURALTRANSPORTATIONLINKS. These hierarchies cannot be
compared with each other, because a WATERBoODY is not necessarily a TrANS-
PORTATIONLINK and, vice-versa, not every TRANSPORTATIONLINK isa Wa-
TERBoODY either; however, the hierarchies share common subclasses, because
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TAXABLEITEM

LANDPARCEL

REALESTATEOBIECT

Figure 6.3: A LanpParckL modeled with multiple inheritance as a Tax-
ABLEITEM and a REALESTATEOBIJECT.

CHANNELS areboth WATERBODIES and ARTIFICIALTRANSPORTATION LINKS,
and NAVIGABLERIVERS are RIvERS and NATURALTRANSPORTATION LINKS.
Other classes, such as HicEwAy or PonDp, belong only to a single inheritance hi-
erarchy in this schema.

An argument that received much attention is the problem of name clashes or
inheritance conflicts. If aclass has several superclasses, it may inherit distinct op-
erationswith the same name, but different meanings. Forinstance, aLANDPARCEL
hasavaLUE asaREALESTATEOBIECT and asa TaxABLEITEM. Bothvaluesare
based on different assessments and used for different purposes. Single inheritance
has a simple rule to resolve such name conflicts by giving preference to the most
specific method (i.e., the one associated with the most detailed superclass). This
selection may not necessarily be what was intended with the model, but it is at least
a simple and consistent rule. For multiple inheritance, there are no such simple
conceptual rules which could capture the intended meaning. Frequently, the con-
flict is resolved by giving preference to the methods in the order they are listed in
the data definition; however, this would not be a valid solution for the value of the
LanpParcEL. Since the two names actually describe two different properties, it
is necessary to distinguish between them by tagging the property names with their
class names, e.g., REALESTATEOBIJECT.VALUE and TAXABLEITEM.VALUE.
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TRANSPORTATIONLINK

ARTIFICIALTRANSPORTATIONLINK

HIGHWAY
CHANNEL | : WATERBODY
_________ - | POND
1
| }
|| RIVER
|
| NAVIGABLERIVER | |l |UNNAVIGABLERIVER

NATURALTRANSPORTATION

Figure 6.4: A GIS example of the use of multiple inheritance.

6.2 Propagation

Frequently, complex objects are not independent and have some property values
which rely upon values of other objects. In aggregation hierarchies, for example,
some values of acomposite object depend on values of the properties of its compo-
nents. These dependencies are of interest and in order to guarantee consistency and
integrity, their correct modeling is crucia. Of course, acomposite object may have
property values which it owns specifically and which are independent from those
of their components. In contrast to less powerful models which require redundant
storage of such values, the object-oriented model allows objects to have properties
with values which rely on values of other objects and models these dependencies
consistently. This model is superior, because it enforces integrity by constraints.
These derived values frequently describe geometric or statistical properties. Partic-
ularly in GISs, alarge number of attribute values at onelevel of abstraction depends
upon values from another level and must be derived from them. When combining
local and regional data, this concept of modeling data at different levels of resolu-
tion must be used to furnish consistency among dependent values. The population
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of a county, for example, depends on the populations of all related settlements;
therefore, the value for the property population of a county must be derived from
all values of the property population owned by the settlements (Figure 6.5).

A

SETTLEMENT COUNTY

SUM
POPULATION POPULATION

Figure 6.5: The value of the COUNTY POPULATION is propagated as the sum of
the poruLATION Of the aggregated SETTLEMENTS.

Again, FOL will be employed to formally describe these concepts. We use the
following (simplified) facts which describe the county Penobscot as an aggregate
of two settlements Bangor and Orono—and some more in the rural areas—with the
property set t | enent Popul ati on.

p (orono, settlenentPopul ati on, 10000).
p (bangor, settl enmentPopul ati on, 50000).
p (orono, partCf, penobscot).

p (bangor, partCOf, penobscot).

The population of the largest settlement in a county is derived from the settlements
as the maximum of their populations. This dependency is expressed by the fol-
lowing rule, stating that the population of a specific county is the maximum of the
population of all settlementswhich are part of it.

propagates (partCOf, settl enment Popul ati on,
popul ati onCf Lar gest Settl ement, maxi mum .

The generic rule for propagation is the following predicate. It describes the value
of the property of an aggregate in terms of the values of the components using a
specific aggregation function.
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p (Aggregated ass, AggregateProperty, AggregateVal ue)
| F propagates (Rel ation, ConponentProperty,
Aggr egat eProperty, Operation),
p (Componentd ass, Rel ation, Aggregated ass),
p (Componentd ass, Conponent Property, Conponent Val ue),
p (Operation, ConponentVal ue, AggregateVal ue).

For example, the value of the property count yPopul at i on is then evauated
with

p (county, popul ati onOf LargestSettlenment, X).
and resultsin
X = 50000

While inheritance describes properties of subclasses (types and operations),
propagation describes how avalue of aproperty of one classis derived from values
of properties of another class. The notion of propagation is sometimes also used
for modeling the behavior of operations, such as copy, destroy, print, and save,
upon composite objects and how these operations propagate to their components,
and consistency of actions. Here, propagation describes dependencies in the re-
verse direction—from the components to the composite object. Formal definitions
of propagation, also demonstrating the differences between inheritance and propa-
gation, have been given in terms of first-order predicate calculus and are also part
of more comprehensive algebras for complex objects.

Propagation becomes trivial if the complex object happens to be composed of
a single part and the value of the aggregate refers to a single value of the part;
however, in most cases propagation involves values of multiple components. If
more than a single value contributes to the derived value, the combination of the
values must be described by an aggregate function. Aggregate functions combine
the values of one or severa properties of the components to a single value. This
value reduces the amount of detail availablefor acomplex object. It may determine
the sum or union of values of the components, or define a specific, outstanding
part such as the greatest, heaviest, or conversely, the smallest or lightest one. On
the other hand, it may be representative, such as the average or weighted average
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of the values of a specific property. Common aggregate operations are minimum,
maximum, sum, average, and weighted average. For example, the population of the
biggest city in a county isthe maximum of the populations of all itscities; the area
of a state is the sum of the areas of all its counties; the population density of the
state is the average of the population density of its counties weighted by the county
areas.

The concept of propagation guarantees consistency, because datais only stored
once and the dependent values of the aggregate are derived; therefore, derived ag-
gregate values need not be updated every time the components are changed. Of
course, updates underlie the common rules for updates of views, i.e., no derived
properties can be updated explicitly, but only the fundamental properties. For ex-
ample, modifying the population of Penobscot county by assigning the value 65,000
to the county population if the town population of Orono grows by 5,000 is not al-
lowed. Instead, the population of the settlements must be modified which implicitly
updates the county population.

Two characteristics of propagation are observed: (1) the propagation of an ag-
gregatevalue may involve several valuesfrom different classes, and (2) propagation
may be transitive, i.e., propagated values may be used to derive further aggregated
values. The following two examples clarify these characteristics. The arEa of
a CounTy depends on the arEAs of its LANDPARCELS, RoaDps, LakEs, and
RivEers (Figure 6.6) and must be derived asthe sum of all ArREAs of these compo-
nents.

An example for the transitivity of propagation is the population of the largest
county (POPULATIONOFLARGESTCOUNTY) in a STATE, which depends on the
POPULATION of the counTIES, which in turn isthe sum of the poPULATIONS Of
their SETTLEMENTS. Implementation considerations recommend that these com-
putationally expensive aggregate operations are reduced to a minimum to improve
guery performance, sometimes by introducing redundant storage of aggregated val-
Ues.
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PARCEL

AREA
OWNER

RoaAD

COUNTY

AREA

AREA
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LAKE

AREA
NAME

-

RIVER
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LENGTH
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Figure6.6: Thevalueof the CounTY AREA ispropagated asthesum of the AREAS
of the aggregated PArRCELS, RoADs, LAKES, and RIVERS.
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Chapter 7

The Relational Data M odel

The previous chapters introduced a theoretical foundation for an information sys-
tem which is based on first order predicate calculus and the understanding that an
information system is atheory which can be interpreted as a model for some part of
reality. That model relies heavily on the concept of dataretrieval by logical deduc-
tion and for this reason is called the proof-theoretic data model. In this chapter we
discuss the more traditional notions of the relational data model. There is a strong
theoretical baseto the relational model aswell, which isreferenced by some authors
as the model-theoretic view of a database.

The relational model has had considerable influence on database theory and
practicein recent timesand isthe basefor alarge number of commercially available
systems, but we will point out how it is more limited than the latter concept.

7.1 TheReational Model Concept

Therelational data model was originally proposed by E.F. Codd in 1970. It isbased
on afirm mathematical foundation and can be (relatively) easily implemented. Thus
it became an attractive concept for both theoretical and practical reasons. Most of
the database literature produced in the last ten years discusses database problemsin
terms of therelational data model.

Central to the relation concept isthat we can arrange datain form of tables, each
row describing adistinct fact.

53
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STUDENT
| Name | Student-Id | Major | Level | Street | No. | Town |
peter | 545 cs S0 main 3 | oldTown
max 346 sv od birch 5 | orono

Therowsinthetableare called tuples, aname derived by generalizing thetermi-
nology describing ordinal groupings such as quintupl e, sextuple, septuple, etc. For
any individual relation, the tuple component count is always the same (i.e., thereis
always the same number of itemsin each row).

The individua tuple components are called attributes the values of which are
always positionally fixed so that the samekinds of valuesfall into the same column.
The contents of the columns are described by attribute headers (or field names).

Thistabular arrangement can easily be translated into a corresponding number
of atomic formulae (ground axioms) of the predicate form:

student (peter, 545, c¢s, so, man, 3, oldTown).
student (max, 346, sv, gd, birch, 5, orono).

Tuples of the same relation are collected as rows in atable to be stored in the
database. It is imperative, therefore, to have something that can identify a given
tuple and permit its subsequent retrieval. Such adeviceis called akey and usually
one of the attributes is chosen (or designed) to be akey. Therelational data model
demands that the attribute value for each tuple be distinct from the value of that
attribute in every other tuple of that relation.

Key = Anattribute (or combination of attributes) the val-
ues of which can uniquely identify each tuple of a
relation.

A relation may have more than one key, e.g., the name and the student ID num-
ber can serveindependently askeysto astudent tuple. Inthis case each independent
key issaid to be a“ candidate” key.

A relation can have a composite key, where two or more attributes in combina-
tion arerequired to uniquely identify atuple, e.g., if the student relation had first and
last name as attributes, both together may make a suitable key whereas separately
they may not uniquely determine a student.
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There are “natural” keys that are values included in the moded which identify
an object (e.g., asocial security number), but most often anatural, certainly unique,
key is not available (e.g., a person’s name is not a unique key in arealistic setting,
and the use of asocial security number may be unlawful in some contexts). In many
cases, keys must be artificially created, usually by numbering the tuples.

7.2 Relational Operators

Thetraditional relational datamodel does not allow the use of rule predicates such as
the grandfather (X, Y) rule mentioned above. It functionsthrough the application of
relational operators. These manipulate existing datarelations stored in the database
to form new relations.

Relational operators always have relations as input and their results are also al-
ways relations. Whenever a system always produces a result that is of the same
type object as the input to that system, then the domain of the system is said to be
closed. In the relational algebra system, the domain of relations is closed under
relational operations. The significance of thisisthat the operators can be combined
in arbitrarily complex ways providing us with great expressive power. A relation-
ally complete set of relational operators consists of projection, selection, Cartesian
product, set union, and set difference. Other operations, such as the common join,
can be expressed as combinations of these five operators.

Relational databases with operations that insure closure are said to be relation-
aly complete. This level of “completeness’ is generally taken as the yardstick
against which database retrieval languages are measured. Many popular database
guery languages are, in one way or another, built around the use of these opera-
tors and understanding them is, thus, not only of a theoretical interest, but also of
practical use.

We will show later that this “completeness’ is quite relative and the term is
not used in the formal logic sense of “complete and sound” theories. While any
single piece of data in the collection can be retrieved, not all possible queries can
be satisfied. The relational data model ignores an important class of queries that
cannot be formulated with the standard relational operators.

We will now describe some of the more common relational operators. They
are defined for relational tables, but some are very similar to operations defined for
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sets. Redundant tuples are ignored the way redundant elements of a set are. This
requirement that each tuple be unique is implied in the definition of a relational
table.

The descriptions below are presented in predicate form, instead of the more
typical (but still equivalent) tabular form, in order to accomplish comparisons with
the logic based model more easily.

7.2.1 Union

Given two relational tables, A and B, with the same number of arguments (and, if

we consider types, with the corresponding arguments being of the same type), we

can form a new relational table as the union of the two, denoted by A U B:
Relation A (e.g., afather relation):

father (andrew, stella).
father (henri, andrew).
father (george, henri).

Relation B (e.g., aparent relation):

parent (andrew, sella).
parent (irja, stella).
parent (andrew, astrid).

Relation ' from A U B:

enhanced-parent  (andrew, stella).

enhanced-parent  (irja, stella).
enhanced-parent  (andrew, astrid).
enhanced-parent  (henri, andrew).

enhanced-parent  (george, henri).
An equivalent operation in first-order logic for the unionis:
e(el, z2,....,2n) if a(zl, 22,...,2n)o0rb(zl, 22,...,2n).
For example:

enhanced-parent (4, B) if parent (A, B) or father (A, B).
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7.2.2 Set Difference and Set I nter section

Given two tables, A and B, with the same number and types of arguments, the set
difference A \ B isanew relation:

Relation A:
parent (andrew, sella).
parent (irja, stella).
parent (andrew, astrid).
parent (irja, astrid).
Relation B:

father (andrew, stella).
father (henri, andrew).
father (andrew, astrid).

Relation C' from A \ B:

mother (irja, stella).
mother (irja, astrid).

The set differencein FOL:
(el z2,...,2n) ifa(zl,22,...,2n)and not b(z1, 22,...,zn).

Given two relations, A and B, with the same number and types of arguments,
the set intersection 4 N B isanew relation:

Relation A:
father (andrew, stella).
father (henri, andrew).
father (george, henri).
Relation B:

parent (andrew, stella).
parent (irja, stella).
parent (andrew, astrid).
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Relation C' from A N B:
father-parent (andrew, stella).
Intersection in FOL:
e(el,z2,...,2n) if a(zl, z2,...,2n)andb(zl, 22,...,2n).

The intersection of two relationsisan abbreviationfor A\ (4 \ B)).

7.2.3 Cartesian Product

We can construct a new relation from the combination of two relations, 4 and B,
(with no restriction on the number of arguments and types) called the Cartesian
product (A4 x B).

Relation A:
male (andrew).
male (henri).
male (george).
Relation B:
female (irja).
femae (stella).

female (astrid).
Relation C' from A x B:

dancing-partners  (andrew, stella).
dancing-partners  (henri, stella).
dancing-partners  (george, stella).
dancing-partners  (andrew, irja).
dancing-partners  (henri, irja).
dancing-partners  (george, irja).
dancing-partners (andrew, astrid).
dancing-partners  (henri, astrid).
dancing-partners (george, astrid).
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The number of tuplesin the resulting new relation can be determined by mul-
tiplying the sizes of the originals; thisis often a significantly large amount of data
to handle. The Cartesian product is an operation most DBMS try to avoid when
actually executing a query.

Cartesian product in FOL:

(el z2,...,2n,yl,y2,...,yn) if a(zl,22,...,2n)andb(yl, y2,...,yn).

724 Sdection

From arelation B, we can construct a new relation by demanding that certain at-
tributes, a, have specific constant values, v (o,=,(B)).
Relation B:

parent (andrew, stella).
parent (irja, stella).
parent (andrew, astrid).

Relation C' from oonq gtribute-stellalB):

stella-parent (andrew, stella).
stella-parent  (irja, stella).

If selectionisapplied over aset of relations, theresult isusually asmaller num-
ber of new relations, i.e., those that meet the selection criteria
Selection in FOL:

e(r,y) if (equa (y, stella) and b(x, 7).

7.25 Projection

From arelation, B, (with more than one attribute) we can construct a new relation
by keeping some of the attributes, «, which is denoted by (7, (B)).
Relation B:

parent (andrew, stella).
parent (irja, stella).
parent (andrew, astrid).
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Relation C' from mong attribute(B):

child (stella).
child  (astrid).

The projection operation not only produces shorter tuples, but it often produces
fewer tuples as well. The attributes not included in the projection may have been
those that differentiated the originals and, without them, the results may contain
many redundancies,; remember, however, that only one copy of atupleisretained—
at least in relational theory. Some implementations of relational query languages
retain all tuple versions regardless of whether or not they are till unique.

Projection in FOL:

e(x) if b(y,x).

7.2.6 Join

Aswith intersection, thisis not a base operator; it can be composed from others, in
this case a Cartesian product and a selection. The join is an operation to produce a
new relation from two existing ones, such that tuples are combined when specified
attributes, 7 and j, have some relationship (theta) with one another, caled a theta-
join (X;4;). When the relationship (¢) is “equals’ the operation is called an equi-
join (X;=;); when it is“equals’ and the attributes have the same name, it iscalled a
natural join (X).

Relation A:
father (andrew, stella).
father  (henri, andrew).
father (george, henri).
father (andrew, astrid).
Relation B:

mother (Eve, Able).
mother (irja, stella).
mother (Eve, Cain).
mother (irja, astrid).
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Relation C' from A Mo attribute=2nd attribute 2—1f the 2nd attribute of
each relation were named “ Child” then the join would have been anatural join:

parents (andrew, irja, stella).
parents (andrew, irja, astrid).

Anequi-joinin FOL:

(el z2,...,2n,yl,y2,...,yn) if a(zl 22,...,2n)andb(yl, y2,...,yn)
and equal (zt, yj).

7.2.7 The Composition of Relational Operators

It is common that actual queries consist of combinations of operators. Thisis made
possible, because therelational algebrais closed under the relations described. The
result of one operation is another relation which can participate immediately in an-
other relational operation. The composition can be arbitrarily complex.

As asimple example of acomposition suppose we were given the relations fa-
ther and mother and we wished to obtain a relation of grandparents. First a union
of father and mother would give us a relation parent. Then a Cartesian product of
parent with parent followed by a selection on those tuples in which the 2nd argu-
ment of the first component matched the 1st argument of the second (thisisreally
an equi-join). The result now is a relation describing all 3 generation chains: par-
ent, child of parent, and child of child of parent. To obtain the grandparent relation,
simply perform a projection on the 1st and 3rd argument of the latest result. The
order of the application of operatorsis obviously important.

Relation father:

father (andrew, stella).
father (henri, andrew).
father (george, henri).
father (andrew, astrid).
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Relation mother:
mother (eve, able).
mother (irja, stella).
mother (eve, cain).
mother (irja, astrid).
parent = father U mother :
parent (andrew, stella).
parent (henri, andrew).
parent (george, henri).
parent (andrew, astrid).
parent (eve, able).
parent (irja, stella).
parent (eve, cain).
parent (irja, astrid).

threeGen = parent X4 attribute-2nd attribute Parent:

threeGen  (henri,
threeGen  (henri,
threeGen (george,

andrew, stella).
andrew, astrid).
henri, andrew).

grandParent = Tt attribute 3rd attribute (threegen):

grandParent (henri,  stella).
grandParent (henri,  astrid).
grandParent (george, andrew).

7.3 Functional Dependency

A dependency (or functional dependency) exists if one value is dependent on an-
other value in the way of afunction. For instance,

sar(2) = 4
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If the two is given, the square is always four.

The concept of afunctional dependency iscrucial to theformal study and practi-
cal implementation of arelational database and adependency existsif one attribute
of atupleis somehow afunction of another of the same tuple.

Dependenciesare actually assertionsabout thereal world; they cannot be proved,
but we might expect them to be enforced by aDBMS. Thereis nothing inherent in
the data that indicates a functional dependency. The recognition of the existence of
one is accomplished by the database designer through an analysis of the meanings
of the relations and their attributes.

A (functional) dependency is equivalent to arule added to the data which de-
mands that if a predicate has a specific argument in one position it must also have a
specific argument in a corresponding position to be true.

r (x,y) and r (z,y) inplies x = z

If father (andrew, stella) istruethenfather (m ke, stella)
cannot be true if we have a functional dependency from child to father that each
child has only one father:

father (x,y) and father (z,y) inplies x = z.

The existence of a dependency is part of the semantics (the meaning) of the
data. Including a dependency in a relational schemais a statement about how we
definethe relations in terms of their attributes (e.g., the meaning of “father” is here
defined as the natural father and does not include stepfathers, guardians, etc.).

If the value of any attribute, x, depends on the value of some other, y, then y
is said to determine «, or that y is a determinant of x. Conversely, © issaid to be
functional ly dependent on .

Formally in FOL: Anargument 7 isfunctionally dependent on another argument
7 if:

flal,a2,a3,...,an)and f(b1,62,03,...,bn)andai = bi implies aj =bj

address (andrew, 30 Grove St orono, ME, 04473)
address (doug, 14 Idland Ave., orono, ME, 04473)
address (george, 207 Bramber Dr., broomall, PA, 19008)
address (eunice, 6434 England St., chicago, IL, 60631)
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In the above address example, the name, Orono, ME is functionally dependent
on the zip code 04473; once the zip code is given, the name of the town is given as
well (at least in asimplified zip code system).

We want to avoid storing the same information more than once, in this case that
the name of the town for 04473 is Orono, ME. It wastes space, but more impor-
tantly, it could lead to inconsistenciesif one version is modified and another is not.
Avoiding this situation is simple: break up address into two relations, one for sim-
ple address, containing name, street, and zip code, and another one for the zip code
containing only the zip code and the town name.

Relation address:

address (andrew, 30 Grove St 04473)
address (doug, 14 Idand Ave.,, 04473)

Relation ziptown:
Ziptown (orono, ME, 04473)

In the rea world, dependencies are a problem, because they are most often
“nearly” true, but there are aways some exceptions found that contradict the rule:
there are some towns that share a zip code (e.g., Bangor and Veazie) and there are
towns that use more than one zip code. Reality does not abide by rules as simple
as those found in mathematics and it is the information system designer’s primary
task to decide which simplifications can be made without interfering with the task.

A dependency can be detected by building the database and then checking if it
holds up (i.e., is consistent). Thisis called an extensional test, and does not really
help usin the design, asthere is no guarantee that tomorrow some facts will not be
stored that produce some contradiction. On the other hand, dependencies are part
of the definition of the model, purposely added to the formal system, and cannot, in
the model, be ignored or violated. Thisis a hard decision the designer cannot shy
away from.

A functional dependency requires that the implementation be less general than
otherwise because of the constraints the dependency imposes upon the structure of
the database; however, compensation is realized in that the implementation may
become more operationally efficient.

We will often abbreviate functional dependencies by writinga — 4.
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7.3.1 Transitive Dependencies

Functional dependencies are generaly transitive: if b depends on « and ¢ depends
on b then we can conclude that ¢ depends also on «; thisis called a transitive de-
pendency.

(Zip — Town — Post Office) implies (Zip — Post Office)

7.3.2 Partial Dependencies

An argument z is said to be partially dependent on the combination argument z, y
if z isfully dependent on a part of «, v, (i.e., z is functionally dependent on « in
f(x,y, 2)), but not functionally dependent on «, y together.

The importance of recognizing a partial dependency lies in the possibility of
x,y being a composite key. z would then be dependent on only part of the key,
which has ramifications we will explain below.

7.3.3 Multi-Valued Dependency

A multi-valued dependency (written @ =- b) holds if, for each value of a, some
particular set of valuesfor b are present.

(f (a1, bl) and f (a2, b2)) implies (f (a2, bl) and f (al, b2)).

A multi-valued dependency can be demonstrated in an example with teachers,
subjects and texts, where for each subject the same texts are always used, indepen-
dent of the teacher: subject = texts.

Earl usestwo booksin hislegal course: EarlsLegal Course = Smith, Black.

Multi-valued dependencies are no longer functions in mathematical terminol-
ogy, since a function is formally a mapping with only one possible result for each
input value (i.e., al:nrelation). Multi-valued dependencies are easy to define, how-
ever, they make an interesting formalism of their own (i.e., an n:mrelation), though
in practical situationsthey are not particularly common.

7.4 Normalization Rules

Previously, we had presented some suggestions on how a database schema should
be designed in order to avoid redundancy and other problemsin the relational data



66 CHAPTER 7. THE RELATIONAL DATA MODEL

model. There exist a set of rules which will avoid some of these problems. They
are known as the normalization rules to reach normal forms: first normal form,
second normal form, third, fourth, and so on. We will treat the rules for normaliza-
tion within the context of logic, which is somewhat different from the traditional
treatment based on the relational data model.

741 First Normal Form

A relationisinfirst normal form (1NF) if and only if all underlying domains contain
atomic values only.

Predicates (and their equivalent tabular forms) essentially already fulfill the re-
quirements for first normal form. Remember that a predicate has a defined number
of arguments, called the arity of the predicate; it is not acceptable practice, under
our restrictions, to have predicates with different arities share the same name. The
arguments for a predicate, in regular relational theory, must be single (atomic) val-
ues, i.e., they cannot be multi-valued (arrays, etc.) or refer to other predicates. (A
predicate should be constrained to arguments which are of a certain type, but the
concept of “type” will be discussed later). The number of arguments of every pred-
icate is fixed and every atomic formula (i.e., a predicate with specific values for its
arguments) must have the same number of them.

The requirement that the attribute values be atomic is somewhat restrictive, as
the acceptable types for atomic values are usually limited to string, integer, real and
donot includearrays, recordsetc. Inour view thisisan unnecessary and undesirable
restriction, at least for engineering applications (so-called “ non-standard” database
applications).

7.4.2 Second Normal Form

A relationisin second normal form (2NF) if itisin INF and every non-key attribute
isfully dependent on the primary key. To achieve 2NF it may be necessary to break
up a predicate several times to eliminate partial dependencies. A predicate that is
in ANF, but not in 2NF, must, therefore, have a composite key. If we introduce
artificial, single-value keys, our predicates are automatically in 2NF.
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price (shop’'nSave, old Town, apples, .59).
price (shop’'nSave, old Town, carrots, .39).
price (shop’'nSave, old Town, onions, .25).

price (shaw’s, bangor, apples, .59).
price (shaw’s, bangor, onions, .25).
price (1& A, orono, apples, .59).

The key is the combination of store and item. The price of each item, however,
isdependent only on theitem and not on the storeinwhichitissold (e.g., applesare
59 cents everywhere). This example violates 2NF and, therefore, has to be broken
down into the following 3 (normalized) relations:

Relation 1:
groceries (shop'n Save, apples)
groceries (shop'n Save, carrots)
groceries  (shop'n Save, onions)
groceries  (shaw’s, apples)
groceries  (shaw’s, onions)
groceries (1 & A, apples)
Relation 2:
location (shop'n Save, oldTown)
location (shaw's, bangor)
location (I & A, 0rono)
Relation 3:

price (apples, .59)
price (carrots, .39)
price (onions, .59)

If theinitial relation was like the following, then it would have been normalized
and need no further decompositions:
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price (shop'n Save, oldTown, apples, .59).
price (shop'n Save, oldTown, carrots, .39).
price (shop'n Save, oldTown, onions, .25).

price (shaw’s, bangor, apples, .69).
price (shaw’s, bangor, onions, .30).
price (1& A, orono, apples, .45).

There are no partial dependencies in thisrelation. The price of each item de-
pends on both the item and where it is sold. This qualifies this example for 2NF.

7.4.3 Third Normal Form

Thethird normal forms requires the elimination of transitive dependenciesin pred-
icates (usually accomplished by splitting the relation in some way). A predicate is
in third normal form (3NF) if it isin 2NF and no non-key attribute is transitively
dependent on the primary key.

7.4.4 Other Normal Forms

It has been determined that multi-valued dependencies are only a specific case of a
more general set of dependencies, e.g., join-dependencies, Tableau's dependencies,
etc. Asaconsequence addition normal forms have been defined. Their considera-
tion is beyond the scope of thistext.

7.5 Practical Consideration of the Relational Database

If the design of a database is not appropriate, we see counter-intuitive behavior of
the database during updates. Simple changes have side effects that were clearly not
intended. We see difficulties in including some facts that should be possible to add.

Consider the relation:

student-takes (Student, Subject, Teacher, Text)

containing information on which students are taught which subject by which
teacher using what text. It is assumed that each student is taught a subject by only
one teacher, and that for a given subject all teachers use the same text.

The extension of student-takes (i.e., the listed relations) is:
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student-takes (max, law, earl, Black)
student-takes (max, law, earl, Smith)
student-takes (peter, geodesy, werner, vaniceck)
student-takes (paul, geodesy, alfred, vaniceck)
student-takes (john, english, berta, maClan)

Users may request projections of this relation to build lists of all subjects offered
by agiven teacher, to find al texts used for a given subject, etc.

o |f wedelete the entry for the student Peter, we also lose the datainforming us
that Werner offers to teach geodesy—even if no student is actually enrolled;
thisis called an anomaly in deletion.

o Canwe add anew subject with Andrew teaching acoursein cartography using
atext by Date? Not unless we have a student who enrolls in this course (but
how should he or she, if he or she relies on the projection of student-takes to
tell him what subjects are offered?)

¢ In another update example, assume that Earl’s courses are now to be taught
by Jim Clapp? We have to modify at least two entries to record this change.
Unless we are sure that all entries have been located and modified, we must
worry about the possibility of an inconsistent database.

o |f anew student enrollsin Earl’s law course, we have to add multiple records
to represent the fact that this student will also use both the book by Black and
the one by Smith as texts.

This should clearly demonstrate that if the relation/predicate contains several
pieces of information that are somewhat dependent on one another, problems may
arise.

To reduce the effect of these anomaliesin updates, al relations need to be nor-
malized to the highest degree possible by splitting the relations until the only de-
pendencies remaining are those based fully on key values. Unfortunately, even if
thisis done, problems still exist.

Taken together with the whole design discussion based on the relational data
model, concern with normalizing relations is somewhat misdirected; the design
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guestions are focusing on the wrong end of the problem. Remember that complex
situationsinreality areintended to be mapped into simple model sand, thus, suppos-
edly reduced in complexity. Strange behaviors may then be detected and remedies
sought. Thereare many strange behaviorsintherelational model that normalization
cannot repair. Therelational datamodel istoo simpleto adequately map reality and
away must be found to have more real world meaning preserved in the data model.

In reality dependencies exist, but are very seldom clearly defined. Many cases
include exceptions for one reason or another, (e.g., zip code and name of town are
(nearly) functionally dependent, but exceptions include Veazie and Bangor having
the same zip code, and, Orono having two zip codes. one for the town, one for
the university). Similar examples can be found almost everywhere. The theoretical
discussions of the regular relational datamodel cannot cope with such “dirty” real-
ity, and it can earnestly be asked that if thisis so, of what use are the normalization
rules.



Chapter 8

Extending the Relational Data
Model with Logic

In adata model that has more semantic, content can provide help in normalization
or, if these problems do not appear at all, this could be taken as evidence that the
relational model has too little semantic content (which is perhaps responsible for
the popularity it enjoys by theoreticians; there is an enormous literature base about
relational theory).

Predicates can be used for representing arbitrary true statements about the world
(given an appropriate, fixed interpretation). Their selection would pose few signif-
icant problems if users only needed to store facts and retrieve them afterwards; we
would only have to guarantee that nothing gets lost—in fact, a lower level of the
database software will fulfill exactly this requirement. In an information system,
however, users may not only wish to retrieve facts in the form in which they had
originally been stored, but they may wish to add somerulesto the collection of facts
and then inquire about the truth of some predicates that can be deduced from the
stored ones.

In our family database with the rule for thededuction of the grandfather relation,
users may question (in the usual way):

Is grandfather (stella, peter) atrue statement? (the answer is, in this case, no).
We will also permit questions of the form:

Retrieve al X, such that grandfather (henri, X) istrue.

71
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Thiscan lead to adefinition of adatabase systemwhich can storefactsand rules,
provide the meansfor the retrieval of those facts, and permit the deduction of other
facts from them. Thisis a substantial extension of asimple “storage and retrieval”
system which only stores facts and permitsretrieval of the samefacts, anditiseven
an extension of the relational data model.

Asmentioned in the chapter on formal systems, we may in many ways consider
adatabase system as atheory and the users’ queries as well-formed formul ae to be
deduced from the theory. We then can say awff (presented asa query) followsfrom
the theory when datais successfully retrieved from the database. Thisiscalled the
proof-theoretic understanding of a database. It isdifferent from the model-theoretic
understanding that is prevalent in the current literature, and to which we have been
referring as the relational data model. The most significant operational difference
between the model- and proof-theoretic views on databases is that, in the relational
or model-theoretic database, any deductive retrieval procedures must be specified
by the user through queries composed of named relations and relational operators,
(or incorporated into the DBMS program code) and in the logic or proof-theoretic
database the deductive procedures are part of the database. The proof-theoretic
understanding is more powerful and helps us deal with a number of problems the
model-theoretic cannot handle easily; furthermore, we believe that it is not more
complicated and, given the tools of automatic theorem proving (e.g. as found in
PROLOG), easily accessible for execution.

In order to distinguish more easily facts and rules added to the database from
gueries to the database, we will preface the facts and rules with an asterisk (“«").
We will also, hereafter, end all complete clauses (from the DB or the query) with
aperiod. Thus, the following predicates indicate facts and rules to entered into the
database:

father (andrew, stella).

father (henri, andrew).
grandfather (X, 2Z) if father (X Y), father (Y, 2).

while the next two predicates indicate queries to be presented to the database:

father (X, stella).
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grandfather (X, stella).

If we consider the database in the theoretical view we have to add a number of
axioms to our theory to have a system with the behavior we expect from a database
system. One of the major advantages of the proof-theoretical view is that these
axioms can be explicitly stated and are not just implied in the programming code
that processes database queries.

Reiter has devel oped afirst-order theory whichis at least equivalent to therela-
tional database theory (with its model-theoretic interpretation). He describes afew
basic axioms that need to be added to the ground axioms to get exactly the power
of arelationa database. He then showed that this theory can easily be extended
to handle incomplete knowledge, null values, etc., which are al known to be hard
problems to deal with in arelational database.

The proof-theoretical view is a way to understand a database; it must not be
confused with the implementation of the database program. Using one or another
way of looking at a database does not necessarily influence the method of coding it
(and does not influenceits performance). Thisisexemplified intheactual PROLOG
inference mechanism which includesthese axiomsin theinterpreter’sexecution and
does not require their explicit statement in clausal form.

8.1 Domain Closure Axiom

It isnecessary to incorporate an axiom into the theory stating that the constants used
in the ground axioms are exactly all the constants of the theory. In the view of our
model, the individuals explicitly named are the only individualsthat exist and that
there are no others.

VX : X =delaor X =andrew or X =henri or X = george.

There are no other persons (at least not in this mini-world) and X cannot take
on any value except the four mentioned above.

8.2 Unique Name Assumption

We must also insist that each constant is different from any other. In other words,
two different things always have two different names and any one thing has one
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and only one name. Any other assumption causes enormous problems for any data
processing installation. Can you imagine a university administration where each
student may choose as many aliases as he or she wishesand may register for courses
with any of their names?

for all distinct constants C', C': not (C' = ().
or:

not (A=R), not (A=C"), not (A=D), not (B=("), etc.

8.3 Equality Relation

Anequality relation must exist and it must have theregular properties of an equality
operation and the rule that equal terms may be substituted without effect.

REFLEXIVITY: X=X
COMMUTATIVITY: X=Y=Y=X
TRANSITIVITY: X=Yad¥Y=Z=X=Z

8.4 Closed World Assumption

In order to be able to treat negation reasonably it is necessary to add a completion
axiom for each predicate. This states that the only true facts that can be obtained
from the database are the facts explicitly entered (as ground axioms) or the true
facts that are formally deduced from them. Databases are built on the assumption
that they contain all the facts that are true for the model and that the absence of a
positive fact must be interpreted as its negation.

e The student database for the University of Maine assumes complete knowl-
edge of all students at this university. A person not contained in the database
is considered not to be a student at the University of Maine.

This assumption is not only reasonable and encompasses much of the human
style of inference from knowledge of the world, but it is clearly economically nec-
essary: to explicitly state al the relations which are not the case, even for a small
domain, would be prohibitively expensive!
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o |f the student database at the University of Maine would not make the closed
world assumption, it would need to state for each living human: whether he
or sheisa student at thisuniversity, or is not a student at this university or if
the enrollment statusis unknown. Thisis clearly not practical.

Consider the small family database and enumerate all the negative facts con-
cerning fatherhood: for four individuals there are 42 possible relations of which
only three are true:

father(andrew, stella).
father(henri, andrew).
fat her(george, henri).

The other 13 are false. (For larger domains, the proportions are usually far
worse!)

father(andrew, henri).
fat her (andrew, andrew).
fat her (andrew, george).

father(henri, stella).
father(henri, henri).
father(henri, george).

f at her (george, george).
father(george, stella).
fat her (george, andrew).
father(stella, stella).
father(stella, andrew).
father(stella, henri).

father(stella, george).

Humans, in their reasoning, may take into account whether or not they have
reasonably complete information and thus fedl entitled to use the closed world as-
sumption or not as the occasion demands. Databases typically contain the closed
world assumption “hardwired in” and use it always. It is important for users to
be aware of this and use all information which is deduced relying on the closed



76 CHAPTER 8. EXTENDING THE DATA MODEL WITH LOGIC

world assumption with some reservation. Conclusions are typically dependent on
the closed world assumption if a negation isincluded somewhere in the query (ex-
ample: isMikenot astudent at the University of Maine?) or if theanswer isnegative
(example: is George a student at the University of Maine? no).

All PROLOG interpreters rely on the closed world assumption and conclude
from the absence of a positive statement, the correctness of its negation (also re-
ferred to as“ negation as failure” or “the convention for negative information”). As
long as a database contains only clauses with positive literals (i.e., atoms without
“not”) and we receive a positive answer, the closed world assumption is not used,;
however, if anegativeliteral isused during the inference, PROLOG interprets “ not
p (X)" as“from all the individuals in the system, those for which the predicate p is
not stated.” There you find the underlying assumption that the (system’s) world is
closed and all individuals are known to it.

Formally, the closed world assumption is stated for each predicate p (X, Y) as:

YX1,...,Xn:p(X1,...,Xn)= p(Al,..., An) or p(B1,..., Bn) or ...

The PROLOG implementation for the not operationis:
notP (g, P, V) if p(E P, V), cut, fail.
notP (E, P, V).

Thisisinterpreted as“if the positive fact (i.e., p (E, P, V)) isfound or deduced,
stop the process and return failure for the negation; otherwise return success.” The
construction of the second rule, a consequence with no antecedents, always returns
true (success).

The domain closure axiom, the unique name axiom, and the closed world as-
sumption together are sometimes referred to as the particularization axioms. Re-
member, al those axioms (assumptions) are not really stored in aworking database,
but the behavior of the database is asif they were.
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Consistency of a Database

A database must respond to anumber of demandsin order to be useful; among other
things, userswill expect that the answers they receive do not contradict one another.
A contradiction in the information received is a sign that some of the information
is not correct. Humans frequently use this situation to critically review information
they receive from others. Typically we expect the stories somebody tells us to be
consistent and contradictionsin some detail sreduce credibility for thetotal informa-
tion received. During cross-examinations lawyers try to find some contradictions
in the testimony of awitness; if any are discovered, they can then argue that other
points also may not be true. We must expect human usersto apply similar standards
to an information system.

Consistency may belinked to the very basic concept of atwo-valued logic. The
definition of “not” in atruth table leads to three different formulations of the rule of
“the exclusion of thethird” (by thisismeant athird truth value: classically “tertium
non datur”). The clauses are:

A or (not A)

not (A and not A)

not (not A) equivalent A

It is possible to construct logic systems with three truth values (there is more
than one possibility), but none of the proposed systems agrees completely with our
intuition. For instance, a“maybe” value can beinserted between “true”’ and “false”
and negation defined as follows:

77
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A | not A
true false
maybe | maybe
fase | true

This is an interesting topic that needs further research, but it is not of conse-
guence at the moment. PROLOG is clearly based on atwo-valued logic, and, more-
over, it can be shown that all multi-valued logics can be mapped to a two-valued
logic (with some additional mechanisms).

9.1 Terminology

We will use the term consistency to describe the absence of contradictions in the
information received from a database. This not only excludes direct contradiction
among the facts reported, e.g., deducing both f at her (andrew, stell a)
andnot father (andrew, stella), butasocontradictions between sin-
gle facts reported and general rules accepted within the model of reality. An ex-
ample is the rule that a person has only one father, thus an information system
that reportsf at her (andrew, stella) andfather (m ke, stella)
isinconsistent.

Many authors use the terms integrity interchangeably with consistency. Some
differentiate between the two terms, consistency describing the absence of contra-
diction within the database, and integrity asking for non-contradiction with general
rules; however, if the general rulesare incorporated into the theory, the two concepts
unite.

We will tentatively use the term integrity for the completely separate concept
that datais preserved and not lost, that only authorized persons can access or update
the database, etc.

9.2 Formal Definition for Consistency

Formally consistency is a property of the theory and not the model. In order to
understand the regular definition, we have to explain what a logician understands
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by an interpretation of atheory (thisisvery close to explanationswe have given for
amode).

A variable free clauseistruein an interpretation / if and only if, when-
ever dl of its conditions are truein 7, at least one of its conclusions is
truein . Equivalently, the clauseistruein [ if and only if at least one
of itsconditionsisfalsein I or at least one of its conclusionsistruein
I. Otherwisethe clauseisfalsein /.

Thisisessentially adefinition of the truth for the implication.

A clauseistruein aninterpretation of aset of clauses S if and only if ev-
ery variable-free instance of the clause, obtained by replacing variables
by termsfrom the universe of discourse of ., istruein theinterpretation.
Otherwise the clause is false in the interpretation.

A set of clauses S isinconsistent if and only if it is not consistent. It is
consistent if and only if all of its clauses are true in some interpretation
of 5.

A theory (aset of clauses) isthusinconsistent if there existsno interpretation for
it. Thismeansthat thereisno way to replace al variables with constants so that all
clauses are true. The PROLOG interpreter is based on showing the inconsistency
of the theory with the negation of your query and then lists the substitution for the
variables, which results in the inconsistency. This process is similar to proving a
result by proving the contrapositive.

At least for me, it is somehow surprising that the task of dataretrieval and the
decision on whether or not something can be deduced from atheory is essentially
the same.

Informally we can say that atheory isinconsistent if it contains a contradiction.

There exists x, such that “p(X)” and “not p(X)” are both in the theory. (This
definition is equivalent to the previously cited one).

9.3 Definition of Consistency of a Database

In order to keep a database consistent, we have to first formally define what we
understand by consistency. A database does not become inconsistent if we add



80 CHAPTER 9. CONSISTENCY OF A DATABASE

p ( david, hairColor, black).,

even if weall know that thisis not correct. Nor doesit do so simply by the fact
that it also contains,

p (david, hairColor, blonde).,

which already records “blonde”’ as the color of david's hair. It becomes incon-
sistent only when we also add a rule saying that no one can have more than one
value for the hair color property. If we agree informally that such aruleisimplied
by our definition of value, then it can be argued that the database is inconsistent,
however, technically it becomes so only after we have added the rule requiring the
values to be unique.

It isimportant not to mix factual correctnesswith consistency. Factual correct-
ness is related to the theory modeling certain aspects of the world and the homo-
morphism between reality and information system. It is not a topic which can be
treated logically and within the theory alone. The database cannot walk out into the
real world and check if something entered is correct.

Adding a second color for david's hair, however, is different as it violates our
understanding that every person has only one haircolor. A rule that enforces this
understanding, can easily be written:

equal (Cl, C) if p (Person, hairColor, Cl),

p (Person, hairColor, C2).

Similar formulae can befound for other propertieswhich model our understand-
ing of theworld and allow usto incorporate them into the theory. Animportant one
is certainly to state that each individual that has a property must belong to some
class.

ThereexistsC. cl assExists (I, © if p (I, P, V),

i nstance (I, O.

These consistency rules could be written in different ways and included and
used in a database system at various times.

If we add such rules to our theory, the consistency of the database becomes
defined as a topic for treatment within the theory. A decision whether or not a
database is consistent no longer needs to rely on any additional world knowledge.
It becomes a purely formal issue which can be decided using formal reasoning as
embodied in a computer program.

Inatheory consisting of the database from previous chaptersand the new “ unique
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haircolor” rule, adding “( david, hairColor, black)” makes the theory provably in-
consistent. (however, adding “p (andrew, hairColor, blonde)” does not. Why?).

Before we discuss further how to formulate and use such rules, we will discuss
the need for consistency from another point of view.

9.4 Preconditionsof Programs

Ordinary computer programs (e.g., a Pascal or Fortran program) work on some data
and produce some output. It isnecessary that the input data fulfills some condition,
ordinarily called the precondition of the program, and that the result fulfills some
other condition, called the postcondition.

A program is only applicable to input that which fulfills the precondition estab-
lished for it; its behavior is not defined for other inputs. While designing programs,
one must be attentive to clearly state what input a program (or program part like a
procedure or function) accepts, i.e., what are the preconditions. It is often reason-
able, especially if theinput is produced by a human user, to make the preconditions
asweak as possible. The most general situation is to have an empty precondition,
stating that any input is acceptable. This, however, requires much effort for test-
ing within the program for inappropriate input and for producing reasonable error
messages when necessary.

Programs with weaker preconditions are often more versatile to use, but in gen-
eral are more difficult to write. Their code isusually substantially longer. Tests for
the preconditions for even simple programs need some processing time. For some
complex conditions this time may be considerable.

Assume a program uses a directed graph data structure and that the algorithm
employed requires that there are no loopsin it. A test for the absence of loopsin a
network is quite expensive.

L ooking from this perspective, we seethat consistency constraints becomevery
important in order to allow usto program efficiently; they guarantee certain qualities
of the data on which the programs may rely.

If the input datais initially stored in a database, it is better to maintain consis-
tency there. Then programs using the data are guaranteed by the database that the
data fulfills their preconditions for input without additional testing. This has the
further benefit that inconsistenciesin the data are discovered during or shortly after
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the input into the database. Generally, errors are cheaper to correct the earlier they
are detected.

9.5 Consistency Constraints as Conditionson a Database

Recall the two consistency constraints that we have formulated previoudly:

equal (Cl, C) if p (Person, hairColor, Cl),

p (Person, hairColor, C2).

means that there can be no person with two different haircolors.

classexists(l, © if p (I, P, V), instanced’ (I, O.
means that there must be a class for all entitieswith properties.

We can use rules like these to check an existing database for consistency or to
prevent the input of clauses that would make the database inconsistent.

9.5.1 Checking a Database

We can move predicates from the consequent to the antecedent sidein aHorn clause
by negating it. The first of the two rules stated just above can be written:

i nconsi stentHairColor if p (Person, hairColor, Cl),

p (Person, hairColor, C2), notEqual (Cl, C2).

If “inconsistentHairColor” is used as an immediate command and can be sat-
isfied, we know that the database is inconsistent. Thus the desired answer from a
PROLOG system should be FALSE (i.e., there is no inconsistency). The second
rule modified similarly yields:

i nconsi stentC asskxists if p (I, P, V),

not d asskxi sts (I).

and we describe a predicate notClassExi sts as:

not d asskxists (1) if p (I, instanced™, C, cut, fail.

not d asskxists (I).

For each consistency constraint we can formulate a rule which cannot be satis-
fied in a consistent database. This rule states: if the database is consistent, it is not
the casethat “p” istrue. Such rules can then be used to check consistency whenever
this seems necessary, e.g., after some datais input.
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9.5.2 Checking An Input

It is somewhat wasteful to check the complete database after each input, especially
if the database is large. It seems much more economical to exploit the fact that, if
the database was consistent prior to input, we have only to check the new input for
consistency violations.
Itisof course not sufficient to check the new input with the rules used to check
a complete database as this would amount to forming a new theory with the new
input and checking this theory for consistency independently. This is insufficient
because an inconsistency can emerge from the combination of the new input with
the previous database. Thisideabecomes obviousin the examplewith the predicate
“hairColor”: the new hairColor, by itself, does not viol ate a consistency constraint,
but merging this new input into the existing database may do so.
Inlieu of testing the database after adding a new clause, we have to test if the
new clause would make it inconsistent if it were added.
How do we find rules to check new input? Starting with:
i nconsistentHairColor if p (P, hairColor, Cl),
p (P, hairColor, C2), notequal (Cl, C2).
We movethe“p (P, hairColor, C2)” to the consequent side:
notp (P, hairColor, C2) if p (P, hairColor, Cl),
not equal (Cl, C2).
Now we need to change the notp in the consequent into a single predicate:
checkHairColor (P, C2) if p (P, hairColor, Cl),
not equal (Cl, C2).
If for agiven person p and a color C2, checkHairColor is true, we can conclude
that adding “p (P, hairColor, C2)” would make the theory inconsistent and should,
therefore, not be done. If theresult isWRONG, that says that we can safely add the
new fact.
For the other consistency constraint, we proceed similarly:
i nconsi stentC asskxists if p (I, P, V),
not d asskxi sts (I).
Moving“ p (I, P, V)" to the consequent side:
notp (I, P, V) if notd asskxists (I).
and renaming the not p
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checkP (I, P, V) if notd asskxists (I).
Thiscan beread as. donot add a“p (I, P, V)" fact if theindividual is not yet
defined into aclass.

9.5.3 More General Considerationsfor Keeping a Theory Consistent

For the maintenance of larger proof-theoretic databases it seemsimportant to avoid
inconsistency in amore general approach. Before we add any new clause we have
to check if the resulting theory will be consistent; otherwise the new clause must
not be added.

Assume we have a consistent theory T which is the current database. We wish
to add a fact C and show that T AND C is still consistent. (Technically, we show
that T AND Cisnot inconsistent.) The empty clause (which stands for inconsistent)
cannot be deduced from T AND C if NOT C can be deduced from T alone.

Within the framework of the proof methods used in a PROLOG interpreter it
may not be obvious how to do thistesting asit involves a proof for anegated literal
(not C). In PROL OG the absence of afact isinterpreted asits negation—technically
called “finite failure interpreted as negation” or “negation by failure.” Thus we
cannot differentiate between “provably NOT C,” and “NOT provably C,” which
we would need.

This is a topic which merits some future research as it would provide a most
general setting to handle inconsistency. We could install all of the general rulesinto
the database first and then, before each new factual clause was added, it would be
automatically checked to seeif this would make the theory inconsistent.



