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Evolution of Data Modeling
for Databases

he discipline of data modeling initially became established because it provided
a way for specifying the structures of data* in actual file systems followed by
database management systems (DBMSs). This led to the introduction of the net-
work and the hierarchical models in the 1960s exemplified by the DBMSs called Integrated
Data Store (IDS) of Honeywell (network model) and Information Management System
(IMS) of IBM (hierarchical model). The relational model was then proposed as a mathe-
matical basis for the analysis and modeling of data [16], providing data independence and
addressing a variety of problems related to databases. It also provided a way for address-
ing redundancy as well as estimating the goodness of database structures in a formal way.
The relational model made it possible to deal with integrity constraints, security schemes,
distribution of data, and replication of data which could not be rigorously specified and
analyzed previously. @ © € © ¢ © © © ¢ @ © 0 © 020 000 00060006

The focus has subsequently
shifted to modeling data as scen by
the application and the user. Basic
data abstraction concepts of classifi-
cation, generalization, aggregation,
and identification were applied in
different combinations and differ-
ent degrees to produce a plethora
of “semantic” data models in the
late 1970s and early 1980s. This
article traces this evolution of data
models and discusses the recent
developments that have dominated
the commercial practice of data
modeling: the entity-relationship,
the functional, and the object-
oriented approaches. The article
concludes with an overview of the
current areas such as modeling of
dynamic, active databases, and
knowledge discovery from data-
bases.

Data modeling benefited im-
mensely from developments in
knowledge representation and ter-
minological reasoning, and new
models such as CANDIDE [10] are
springing up as a result of the mar-
riage between these two areas. Cer-
tain developments have dominated
the commercial practice of data

*The word Data will be used in singular
throughout this article in keeping with the
convention in database literature.

modeling: the entity-relationship
[14], and the binary approach
called NIAM [37] are two exam-
ples. The functional approach was
exemplified by the DAPLEX model
[34] and is having an impact on ob-
ject models coupled with functions
such as the Iris model, now avail-
able commercially from Hewlett-
Packard in their Open ODB system.
A variant of the ER model called
IDEF/1X (see [25]) gained a good
degree of following in some gov-
ernment establishments. Recently,
a major effort for standardizing the
representation and modeling of
parts data and designs under the
name Product Data Exchange using
STEP (PDES) [32] is under way.
STEP is the ISO standard for the
Exchange of Product model data.
This has brought about the renais-
sance of data modeling which is
being applied in diverse industries
such as building and construction,
electrical components, and archi-
tecture. Thus, the scope of data
modeling now extends far beyond
what it was in the early days of file-
oriented systems; many organiza-
tions are embarking on corporate
data modeling as a part of the stra-
tegic planning activity.

Since this issue of Communications

is devoted to different aspects of
modeling that include object-
oriented analysis and modeling as
well as the knowledge representa-
tion area, we will not dwell heavily
on it. Our focus will be on the mod-
eling of data as applied to the de-
sign of database structures. We will
highlight the current trends in ob-
ject-oriented modeling of data as
well as modeling of active data-
bases. Some of the outstanding
problems for data analysis and
schema design include bridging the
gap between requirements specifi-
cation and data modeling, integrat-
ing diverse modeling paradigms,
reverse-engineering existing data-
bases into a conceptual abstract
representation, and combining the
procedural and declarative aspects
of data. We will not, however, be
able to address these problems in
this article.

Basic Definitions
In this section we define some basic
terminology for the database area
pertaining to data modeling. Inter-
ested readers may consult [8, 19]
for detailed explanations of these
terms.

A data model is a set of concepts
that can be used to describe the
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structure of and operations on a
database. By structure of a database
we mean the data types, relation-
ships, and constraints that define
the “template” of that database. A
data model should provide opera-
tions on the database that allow
retrievals and updates including
insertions, deletions, and
modifications. Note that we will use
the term “data model” to refer to
the discipline for modeling data in
a particular way—one that provides
the building blocks or the modeling
constructs with which the structure
of a database can be described. We
will use the term application model
to refer to the description of data
for a particular database. For ex-
ample, the relational model is a
data model. The definition of a
particular database for the person-
nel application at company X will
be called an application model of
that database which uses the rela-
tional model. Application analysts
often refer to the latter as a data
model, causing confusion.

In any application, it is important
to distinguish between the descrip-
tion of the database and the database
itself. The description is called the
database schema. A database
schema is designed for a given set
of applications and users by analyz-
ing requirements. It is described by
using a specific data model that
provides the modeling constructs in
the form of a language syntax or
diagrammatic conventions. In some
tools or DBMSs, the data model is
not explicitly defined but is present
implicitly in terms of the features
present. Schemas usually remain
relatively stable over the lifetime of
a database for most applications.
For dynamic environments, such as
computer aided design (CAD), or
computer-aided software engineer-
ing (CASE), the schema of the
product being designed may itself
change. This is referred to as
schema evolution. Most DBMSs
handle a very limited amount of
schema evolution internally.

During the process of database
design, the schema may undergo
transformation from one model
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into another. For example, the
schema of the personnel database
may be initially described using the
entity-relationship data model in
the form of an ER diagram. It may
then be mapped into the relational
data model which uses structured
query language (SQL)—an emerg-
ing standard, to define the schema.
The entire activity of starting from
requirements and producing the
definition of the final implement-
able schema in a DBMS is called
schema design. The DMBS is used
to store a database conforming to
that schema; it allows for database
transaction processing in which a
transaction is a unit of activity
against the database that includes
retrieval and update operations
against the database. A transaction
must be performed in its entirety,
leaving a “permanent” change in
the database or may be aborted,
performing no change at all.

The actual database reflects the
state of the real world pertaining to
the application or the “miniworld.”
It must remain in conformity with
the miniworld by reflecting the ac-
tual changes taking place. The data
in the database at a particular time
is called the “database instance” or
the “database state.” The actual oc-
currences or instances of data
change very frequently as opposed
to the schema, which remains static.

A data model in the database
parlance is associated with a variety
of languages: data definition lan-
guage, query language, data ma-
nipulation language, to name the
important ones. The data defini-
tion langnage (DDL) allows the
database administrator or database
designer to define the database
schema. The DBMS has a compiler
to process the schema definition in
DDL and to convert it into a ma-
chine-processable form. This way, a
centralized definition of the appli-
cation model is created, against
which a number of applications can
be defined. Data manipulation lan-
guage (DML) is a language used to
specify the retrieval, insertion, de-
letion, and modification of data.
DMLs may be divided broadly into
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two categories: declarative and pro-
cedural. The former allow the user
to state the result (of a query) that
he or she is interested in, whereas
the latter require one to give a pro-
cedure for getting the result of the
query. The nature of the language
also depends on the data model.
For example, while it is possible to
have a declarative language for a
model such as the relational model,
the language for the network data
model is “navigational,” requiring
the user to state how to navigate
through the database, and thus is
inherently procedural. Either type
of language may be used in a stand-
alone interactive fashion as a query
language. Languages for data mod-
els can also be distinguished in
terms of whether or not they are
record-at-a-time or set-at-a-time.
Record-at-a-time processing re-
quires an elaborate control struc-
ture typically provided by a host
programming language within
which the DML commands or verbs
are embedded. Set-oriented pro-
cessing regards data as sets of ele-
ments (e.g., sets of tuples in the re-
lational model) and provides for
operators that apply to these sets,
generating new sets. There is now a
movement toward providing lan-
guages which seamlessly integrate
the capability to provide general-
purpose computation and special-
purpose data manipulation against
the database in a single language.
These are called database pro-
gramming languages (DBPLs) [6].

Scope of Data Models

In the traditional sense, data mod-
els used for database schema design
have been limited in their scope.
They have been used to model the
static properties of data including
the following:

Structure of data: The structure is
expressed in terms of how atomic
data types are aggregated into
higher-order types. Furthermore,
the models express relationships
among these aggregates. The early
models tended to be record-
oriented, the basic aggregate struc-



ture being a record type consisting
of data element types or field types.
The database schema consists of a
number of record types that are
related in different ways. The hier-
archical data model organizes the
record types in a tree structure,
whereas the network data model
organizes a database schema with
the record types as the nodes of a
graph. The limitations of the
record-based view of data modeling
are discussed in {23]. The relational
model introduced a set-oriented
view of data modeling [16], and
currently, the object-oriented view
which structures a database in
terms of objects and interobject in-
teractions is gaining popularity [3].
We discuss these approaches in
greater detail later in this article.

Constraints: Constraints are addi-
tional restrictions on the occur-
rences of data within a database
that must hold at all times. Data
model constraints serve two pri-
mary goals:

¢ Integrity: Integrity constraints
are the rules that constrain the valid
states of a database. They arise ei-
ther as properties of data, or as
user-defined rules that reflect the
meaning of data.

® Security and protection: This
applies to restrictions and authori-
zation limitations that are applied
to a database to protect it from mis-
use and unauthorized usage.

Constraints can be visualized at dif-
ferent levels:

a) inherent constraints pertain to
the constraints that are built into
the rules of the data model itself.
For example, in the entity-relation-
ship model a relationship must
have at least two participating entity
types (depending on the variant of
the model used, the same entity
type may be used twice).

b) implicit constraints are con-
straints that can be specified using
the DDL of a data model to de-
scribe additional properties. They
are expected to be automatically
enforced. An example is a manda-
tory participation constraint in the

entity-relationship model, which
states that a specific entity must
participate in a particular relation-
ship.
c) explicit constraints are applica-
tion-dependent constraints that
specify the semantic constraints re-
lated to an application. These are
the most general and difficult con-
straints to specify in full detail.
There is a general trend to capture
as much “application behavior” in-
formation within a database as pos-
sible in order to capture it in a cen-
tral place. The 4GL movement is
aimed at capturing this application
semantics at a high level. Today’s
DBMS:s are not equipped to handle
such constraints easily, however.
Another dimension of constraint
modeling is to capture state transi-
tion rather than just static state in-
formation. This gives rise to dy-
namic constraints which are stated
in terms of what types of changes
are valid on a database. An example
is: “the salary of an employee can
only increase.” Both static and dy-
namic constraints allow us to define
whether a database is consistent.
Whereas static constraints can be
evaluated on a “snapshot” of a data-
base to determine its validity, the
dynamic constraints are much more
difficult to enforce, since they in-
volve blocking/preventing a state
transition at “run-time.”

Other parameters of data models: A
data model for a database may also
specify some additional details rele-
vant to the use of the data. One
possible feature is ‘“distribution
parameters.” These relate to the
fragmentation of data in terms of
how data is stored as fragments. In
the relational model it is customary
to refer to “horizontal” and “verti-
cal” fragments. The former contain
subsets of the data occurrences of a
relation that meet some predicate
condition, while the latter refer to a
subset of the attributes of data for
the whole relation. In a relation
called ORDERS, each horizontal
fragment may contain orders that
are shipped from one warehouse,
whereas ORDER may be vertically

fragmented into shipping informa-
tion and billing information. Secu-
rity is another feature that may be
built into a data model at different
levels of granularity. Yet another
feature is redundancy, which is
hard to model explicitly; it may be
captured in the form of specifica-
tion of explicit copies or overlap-
ping data. A model must allow for
specification of features such as
keys which uniquely identify data;
it may also have a way to specify
physical parameters such as clus-
tering or indexing (e.g., B+ tree
index on a certain field) as a part of
the application model specification.

Views: In database modeling a view
is a perceived application model as
defined by a user or an application
group. A view is another mecha-
nism by which an application can
record its specific requirements, in
addition to the explicit constraints
mentioned previously. Most data
models provide a language to de-
fine views: it may be coincident with
the query language, whereby the
result of a query is defined as the
view. Typically, a view is con-
structed when there is a request to
retrieve from it, rather than “mate-
rializing” the view because the latter
creates redundant data.

Toward Joint Data and
Application Modeling

To give adequate support for the
modeling of dynamic application
environments, another school of
thinking combines the functional
analysis, which is typically the focus
of software engineering during in-
formation system design, with con-
ventional data modeling [11, 26],
giving rise to a joint analysis and
modeling of application and data
requirements. We have also advo-
cated this view during conceptual
database modeling in [8]. In terms
of the present issue of Communica-
tions, the preceding approach seems
most relevant and significant. A
top-down structured design meth-
odology for both data and process
modeling using extended ER and
data flow diagrams respectively is
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proposed in [11]. It suggests build-
ing “mini-ER-process-schemas”
based on the most refined process
diagrams using some simple rules.
These minischemas are then inte-
grated into the overall model using
view integration techniques [7] to
give rise to the global data model.
In [8] we propose that global
schema design for a set of applica-
tions must proceed like a “rock-
climbing activity,” alternating by
successively expanding the data
model and the process model and
cross-checking at each step to make
sure the data model accounts for
processing requirements and the
process model refers to the data
identified at the previous step. The
cross-checking is facilitated by
maintaining a data dictionary. As a
methodology of joint design, top-
down, bottom-up and mixed or in-
side-out methodologies are de-
scribed. It has been shown by [26]
that the ER model used normally
for data modeling can itself be used
with some additional constructs for
such tasks as ordering, and se-
quencing, to adapt it to process
modeling.

The area of transaction model-
ing as a part of data modeling is rel-
atively new. A transaction specifica-
tion language and a tool using an
object model has been described by
[31]. In [30] we define the language
for specifying a transaction against
a “neutral” data model at the con-
ceptual level and show its mapping
into SQL, assuming the transaction
executes against an underlying re-
lational database.

Data Model Classification

Data models for database manage-
ment can be classified basically
along two dimensions. The first
dimension deals with the steps of the
overall database design activity to
which the model applies. The data-
base design process consists of
mapping requirements of data and
applications successively through
the following steps (see Figure 1).
a) Conceptual Design—here the
model provides a way of capturing
the users’ perception of data. The
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conceptual data model provides
the concepts essential for support-
ing the application environment at
a2 very high nonsystem-specific
level.

b) Logical Design — here the
model represents the organization
of data for some implementable
data model called the logical data
model or an implementation
model. This model has modeling
constructs that are easy for users to
follow, avoid physical details of
implementation, but typically result
in a direct computer implementa-
tion in some DBMS.

c) Physical Design—typically, at
this step, data modeling is not used
to describe data. Physical design
consists of a variety of choices for
storage of data in terms of cluster-
ing, partitioning, indexing, provid-
ing additional access or directory
structures, and so on. Some work
has been done on developing con-
cepts for describing physical imple-
mentations along the lines of a data
model (e.g., see [9]).

In the three-level architecture of
the ANSI/SPARC committee for
database management [4], schemas
corresponding to the three levels of
a DBMS architecture have been
clearly identified. They are called
the Conceptual, External and In-
ternal Schemas. The relationship of
the ANSI/SPARC terminology with
our steps of database design is
shown in Table 1.

Note that in Table 1, we deliber-
ately added a design step called
view design to accommodate the
notion of external schema from the
ANSI/SPARC nomenclature. Typi-
cally, it is bundled into the logical
design step.

In another dimension, data mod-
els can be classified into record-
based models, semantic data mod-
els, and object-based models in
terms of the “flexibility” or “expres-
siveness” scale. Flexibility refers to
the ease with which a model can
deal with complex application situ-
ations. Expressiveness similarly
refers to being able to bring out the
different abstractions and relation-
ships in an involved application.
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Record-based models were the
models adopted from files, which
gave rise to hierarchical and net-
work data models. They were
hardly flexible, and expressive to a
limited extent [23], but played an
important role as implementation
models for the entire DBMS devel-
opment during the late 1960s and
the 1970s. The relational model
[16], an offshoot from the previous
models, provided more data inde-
pendence by “elevating” the model
higher, away from the physical
implementation details and also
provided greater power in terms of
set-at-a-time operations on the
model. Next arrived the semantic
data models, which were more ap-
propriate for conceptual design.
The entity-relationship model [14]
exemplifies semantic data models
and has been a precursor of much
subsequent development. Semantic
networks have a close resemblance
to semantic data models, except
that the semantic links in the latter
are of a limited scope compared to
the former, and the data modeled
by a semantic data model is typically
secondary storage-resident. The
object-based models eliminate the
distinction between entities and re-
lationships that is common to the
entity-relationship model and its
extensions. This area was influ-
enced by object-oriented program-
ming languages such as Smalltalk
[17] and has emerged as a viable
data modeling approach, particu-
larly in light of the emerging appli-
cations of database systems. Re-
cently a group of prominent
researchers even published a mani-
festo [3] to define what a true “ob-
ject-oriented” (O-O) database man-
agement system is. The O-O data
models apply to both the concep-
tual and logical design phases. In
the remainder of this article we will
highlight the concepts underlying
the classes of models described ear-
lier and their contribution to the
general field of data modeling.

Implementation Data Models

In this category we place the mod-
els that had their origin in files but



offered the possibility of organizing
large collections of data. Bachman
[5] proposed the idea of data struc-

Figure 1. The database schema de-
sign process
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ture diagrams to capture the struc-
ture of aggregate records and the
one-to-many relationships called
set-types among record types. This
eventually led to the definition of
the network data model which was
defined by the CODASYL Database

REQUIREMENTS
COLLECTION AND
ANALYSIS

y

Database Requirements

'

CONCEPTUAL DESIGN

DBMS-independent

A (in a high-level data model)

Conceptual Schema

LOGICAL DESIGN

DBMS-specific

Y (In the data model of a specific DBMS)

Conceptual Schema

PHYSICAL DESIGN

'

Internal Schema
(For the same DBMS)

Table 1.
Relationship of ANSI/SPARC terminology to steps of
datahase design

Step of design

End product
using ANSI/SPARC
terminotogy

conceptual design
using a conceptual model
Logical design using an
implementation model
View Design
Physical Design

t

Conceptual schema
External schema
Internal schema

tThe result here is a conceptual schema in a high-level data model. It does not correspond to the conceptual mode! in the

ANSI/SPARC sense.

Task Group [15]. This hierarchical
data model was developed as a part
of the DBMS called Information
Management System [IMS] by
IBM. There are no documents or
reports from any committees that
defined the hierarchical data
model. Today, because of the domi-
nant use of IMS in the market, the
hierarchical model has become syn-
onymous with the IMS data model.
The hierarchical data model allows
for the database schema to be struc-
tured as a tree, with the nodes
being record types and the links
being “parent-child” relationships
among the record types. It must be
noted that the IMS data model is
not strictly hierarchical, in that it
allows a limited network by letting a
record type have two “parent” rec-
ord types. One, called the “physical
parent,” typically is in the same hi-
erarchical structure of records,
whereas the other, called a “logical
parent,” typically links a record to
another from a different hierarchy.
A general discussion of these mod-
els can be found in textbooks; in
particular, the reader may refer to
[19, chapts. 10—11] from which the
schemas of a hierarchical and net-
work database are reproduced in
Figures 2 and 3.

The scope of these data models
includes fixed rules for data-struc-
turing. The systems implemented
using these models therefore have a
well-defined DDL to define the
database and a DML to manipulate
the data for retrievals as well as
updates. Because of a large number
of DBMSs that were implemented
using these models, a very high
percentage (probably exceeding
70%) of the databases currently
used for day-to-day production in
industry and government subscribe
to the hierarchical and the network
data models. The constraint-
modeling features of these models
are limited, especially in terms of
implicit and explicit constraints
described previously. The models,
as well as the systems, are proving
inadequate to model the emerging
nontraditional applications in such
areas as engineering, scientific and
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medical databases, geographic in-
formation systems, full-text and
document-oriented systems, soft-
ware engineering, and network
management of large networks.
The object-oriented data models
are expected to play a major role in
these applications.

The current state of the O-O
DBMSs, however, is such that a
large enough following has yet to
be created for them. Whether they
will capture a significant share of
the traditional database application
market is unknown at present. In
the meantime, relational DBMSs
are gaining increasing use because

of the data independence inherent
in the relational data model, ease of
specifying and enforcing con-
straints, potential for optimization
of query-processing strategies by
the system, and a better foundation
for distributed databases. A discus-
sion of the relational model in some
detail is therefore necessary.

The Relational Data Model

The relational model of data pro-
posed by [16] was a landmark de-
velopment because it provided a
mathematical basis to the discipline
of data-modeling based on the no-
tions of sets and relations. The rela-
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Flgure 2. A hierarchical database
schema

Figure 3. A network database schema

tional data model organizes data in
the form of relations (tables). These
tables consist of tuples (rows) of in-
formation defined over a set of at-
tributes (columns). The attributes,
in turn, are defined over a set of
atomic domains of values. Because
of its simplicity of modeling, it
gained a wide popularity among
business application developers.
Today, a number of well-known
DBMS products on the market
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(DB2, RDb, INGRES, Oracle, IN-
FORMIX, SyBase to name a few)
are providing access to the rela-
tional model for a wide variety of
users. The model has an associated
algebra which includes operations
of selection, projection, join as well
as set operations of union, intersec-
tion, difference, Cartesian product
and so on. The set-at-a-time nature
of these operations makes them
very powerful because entire tables
become arguments of operators.
The structured query language
SQL based on relational calculus,
which is a form of first-order predi-
cate calculus is becoming a de facto
standard for the data-processing
industry. This declarative language
coupled to the relational model
gives plenty of scope to the system
to make “intelligent decisions” re-
garding the processing of these set
operations. In terms of constraints,
there are two types of constraints
that fall under the implicit con-
straint category for the relational
data model. The first, called the
“entity integrity” constraint, guar-
antees that no two tuples belonging
to the same relation refer to the
same real-world entity. In other
words, it guarantees uniqueness of
keys. The second constraint, called
“the referential integrity con-
straint,” makes sure that whenever
a column in one table derives values
from a key of another table, those
values must be consistent. Unfortu-
nately, all existing commercial rela-
tional DBMS products do not allow
a proper specification and an auto-
matic enforcement of these con-
straints. But the vendors are devis-
ing a variety of ways to deal with
them. Figure 4 shows a set of rela-
tions connected by referential con-
straint arrows which equivalently
represent the same data that was
represented by the schemas in Fig-
ures 2 and 3.

Other features of the relational
data model that have made it the
popular choice for database appli-
cations today are the following:

¢ The basis of relational algebra
and the simple and precise seman-
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tics make a good amount of query
optimization feasible within the sys-
tem, thus relieving the program-
mers’ burden. This is not so in the
network and hierarchical models in
which the programmer manually
optimizes the navigation of the
model.

¢ The model allows a clean separa-
tion of the logical from the physical
parameters making it easy for cas-
ual users to understand and deal
with the database. At the physical
level, typical DBMSs allow a variety
of indexes and performance-
enhancement features.

¢ The theory behind concurrent
transaction-processing, as well as
recovery, has been well developed
for this model to give adequate per-
formance for most commercial
applications.

¢ For further development of dis-
tributed databases, the relational
mode] provides a sound basis for
addressing the problems related to
fragmentation, redundancy, and
distributed transaction processing
in different modes in general.

The main argument against the re-
lational data model is its “flatness”
of structure, through which it loses
the valuable information contained
in the relationships or “links”
among the data. It therefore clearly
lacks the features for expressive-
ness and semantic richness for
which the semantic data models are
preferred.

Semantic Data Models

As shown in Figure 1, the Require-
ments Collection and Analysis ac-
tivity produces a set of database
requirements that must be cap-
tured by a data model in the next
step, called Conceptual Design.
This next step is best served by a
high-level model called a concep-
tual or semantic data model. It is
important to use a high-level model
during this step because at this
stage of analysis, the database is
conceived in a very preliminary way
by the potential set of users. It is not
tied to a specific implementation
model and certainly not to a specific

DBMS. One of the shortcomings of
the database design activity in orga-
nizations has been the lack of re-
gard for the conceptual database
design and a premature focus on
some specific target DBMS. Design-
ers are increasingly realizing the
importance of the conceptual data-
base design activity. The models
that have been typically employed
for this activity are referred to as
semantic data models. A semantic
data model used for purposes of
conceptual design must possess the
following characteristics [8]:

® Expressiveness: The model must
be expressive enough to bring out
the distinctions between different
types of data, relationships, and
constraints,

¢ Simplicity: The model must be
simple enough for an end user to
use and understand. Hence, it must
always be accompanied by an easy
diagrammatic notation.

¢ Minimality: The model must con-
sist of a small number of basic con-
cepts that are distinct and orthogo-
nal in their meaning.

¢ Formality: The concepts of the
model should be formally defined.
It should be possible to state criteria
for the validity of a schema in the
model.

e Unique Interpretation: There
should ideally be a single semantic
interpretation of a given schema. In
turn this implies that complete and
unambiguous semantics be defined
for each modeling construct.

An early candidate for a semantic
data model was the entity-relation-
ship model [14] commonly called
the ER model. In terms of the pre-
ceding criteria, it is fairly simple to
use, has only three basic constructs
which are fairly, but not com-
pletely, orthogonal, has been for-
malized, and has a reasonably
unique interpretation with an easy
diagrammatic notation. We will not
dwell on a description of the model
here. Figure 5 shows the conceptual
model of a database represented in
the ER model for the same applica-
tion shown earlier in Figures 2 and
3 for the hierarchical and the net-
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work schemas adapted from [19].
The basic constructs in the ER
model] are entity types, relationship
types, and attribute types. In the
diagram they are represented by
rectangles, diamonds, and ovals
respectively. The distinction be-
tween entities and relationships
tends to be fuzzy; similarly, what
one may call an attribute (e.g., De-
partment is an attribute of the
Employee entity type) may actually
be worthy of being called an entity
type (e.g., Department as an entity
type with attributes Location,
Manager_name, ...). Due to its lack
of preciseness in modeling, the
model did not become a basis for
formal work areas such as distribu-
tion and transaction-processing, as
did the relational data model. It has
remained a favorite of the tool de-
signers (see [7, chapt. 15]) in tools
that produce and edit ER diagrams
as a means for easy communication
in the early stages of database de-
sign and then map the ER schemas
into logical and physical schemas of
target DBMSs semiautomatically.

The ER model has seen many
extensions. Early work on exten-
sions such as [33] defined invariant
properties of the ER model. The
model has been further enhanced
with the concepts of classes and
subclasses, and of inheritance hier-
archies based on generalization and
specialization. Recently, rules have
been added to the model [36]. A
detailed discussion of an enhanced
ER model can be found in Chapter
15 of {19].

Fundamentally, the idea is to
enrich the model to support all ab-
stractions of data. If the distinction
among entity and relationship is
eliminated, it leads to a general data
model with classes or object types.
Along these lines, [35] proposed a
semantic hierarchy model based on
the notions of aggregation and gen-
eralization. A very general-purpose
approach that provides a rich rep-
ertoire of facilities for grouping,
relating, and constraining defini-
tions of classes was presented by
[21]. The fundamental abstractions
that a semantic data model should

10y

sQLeies

support are given in the following
list. These data abstractions apply
equally to the object-oriented mod-
els to be discussed.

® Aggregation: This is the abstrac-
tion concept of building aggregate
objects from component  objects.
The relationship between the
lower-order object and the higher-
order object 1is described as
“IS_.PART_OF” relationship. At
another level, this abstraction is
used to aggregate attributes into an
object. In the ER model aggrega-
tion is used when two or more en-
tity types are associated to define a
relationship type.

e Identification: This refers to the
process whereby abstract concepts
as well as concrete objects are made
unique by means of some identifier.

o Classification and Instantiation:
Classification involves classifying
similar objects into object classes.
The relationship between the object
and the class is “ISSMEMBER_OF”
relationship. The opposite of classi-
fication 1is called “instantiation.”
Some models allow this abstraction
to be used among classes where a
metaclass generically stands for a
number of classes that are its mem-
bers.

® Subclass and Superclass concept:
The instances of one entity type
may be a subset of the instances of
another entity typé. For example,
entity type STUDENT is a subclass
of entity type PERSON. The rela-
tionship between the two is called
an “IS_A” relationship.

e Attribute Inheritance: A subclass
automatically inherits the attributes
of its superclass.

e Generalization hierarchies:
These are hierarchies of classes
where a superclass is related to a
number of its subclasses, based on
some distinguishing feature. For
example, the PERSON superclass
may have subclasses STUDENT
and EMPLOYEE. The STUDENT
subclass is further divided into
GRAD_STUDENT and UNDER-
GRAD_STUDENT, whereas EM-
PLOYEE is divided into FULL-
TIME and PARTTIME. The whole

class hierarchy represents the ab-
straction of generalization moving
up the hierarchy and specialization
moving down the hierarchy. Con-
straints governing the superclass vs.
its subclasses can be modeled as
total vs. partial and mandatory vs.
optional participation [7].

The binary model of data, e.g.,
NIAM [37] is also fairly popular.
Compared to the ER approach, the
binary approach may be considered
as a bottom-up approach, since it
builds up from atomic objects in
terms of binary relationships. For
capturing higher-level semantics,
they resort to a variety of con-
straints.

Another class of semantic data
models is functional data models.
They use objects and functions over
objects as the basic building blocks.
Any request for information can be
visualized in terms of a functional
call with arguments. Functions at
the primitive level have objects as
arguments; but it is possible to
build functions over functions. The
DAPLEX model [34] was one of the
first prominent models in this cate-
gory. Recently, the IRIS data model
was developed [20] and fully imple-
mented based on the concepts of
objects and functions. The open
ODB system of Hewlett-Packard
based on the IRIS implementation
will soon be commercially available.
The main advantage of the func-
tional modeling approach is its for-
mal mathematical basis of functions
which can be arbitrarily composed
to give rise to higher-order func-
tions. Combined with the preceding
abstractions and the principles of
the object-oriented approach, it
makes a powerful data model. See
[22] for a comparative treatment of
semantic data models.

Object-Based Data Models

In this section we will allude to a
number of “other” data models.
One major area is object-oriented
(O-0) data models. They are simi-
lar to semantic models in terms of
the following:

® Structural abstraction: Both pro-
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vide the structural abstractions that
have been outlined. While inheri-
tance is a must in all object-oriented
models, it is not so in all semantic
data models.

® Value and Type Composition:
Both provide for type and value
constructors that allow application
designers to build higher forms of
values or “bulk-types” such as lists,
sets, bags, and tuples.

The areas in which O-O data mod-
els differ from the semantic data
models are:

e Treatment of identifiers: Seman-
tic models make up identifiers or
keys based on internal attributes or
internal properties. Object-
oriented models use identifiers ex-
ternal to the object, so that identifi-
ers remain invariant while the ob-
jects may undergo change. These
identifiers are called “surrogates”
or system identifiers.

® Treatment of inheritance: Se-
mantic models realize only attribute
inheritance and it is limited among
subtypes and supertypes. O-O
models, on the other hand, provide
both structural and behavioral in-
heritance. This refers to inheriting
the structural properties and the
procedures or methods. Inheri-
tance among types that are not re-
lated by a type-subtype relationship
may also be allowed, but this is not
recommended.

® Information-hiding and encap-
sulation: The methods encapsu-
lated within an object type allow its
instance variables to be accesses.
There is no way to access these in-
stance variables (or attributes)

Additionally, the O-O data models
are expected to provide the follow-
ing features [3] as a must:

¢ Inheritance of properties and
methods

¢ Support for complex objects

® Object identity

® Operator overloading: This re-
fers to the use of operations with
identical names having different
meaning in the context of different
object types.

articles

e Separation of public and private
portions of objects.

As mentioned earlier in this article,
we will not discuss object-oriented
modeling and analysis in detail,
since this entire issue is devoted to
the topic. Several O-O data models
have been proposed in the litera-
ture and have been implemented in
systems similar to GemStone (171,
IRIS [20], and Os. A number of
other commercial O-O DBMSs
have also been introduced, includ-
ing Object Design, ObjectStore, and
Versant. It is hoped that these mod-
els will come to the rescue of users
who will benefit from the following
advantages normally attributed to
the O-O models: better modeling of
the behavior, easier modeling of
complex objects, extensibility of
types, and localization of the effect
of changes in data definition. The
object models may be regarded
mainly as implementation models
such as the hierarchical and net-
work models. On the other hand,
they may be viewed as semantic
data models also. For a recent set of
references in the O-O DBMS area
see [39].

Dynamic and Active

Database Models

The main argument that can be lev-
eled against traditional data-model-
ing in the database area is that it has
not adequately addressed the mod-
eling of behavior of data, and hence
the “active” or dynamic aspects of a
database. The active database par-
adigm was proposed by Morgen-
stern [27] and has been later incor-
porated into the data models of
systems such as POSTGRES at UC-
Berkeley and Starburst [38] at IBM
Almaden Center. An active DBMS.
is a system with the additional capa-
bility, in addition to a standard
DBMS, of monitoring the state of
the database and executing some
predefined actions when some cor-
responding predefined events
occur. The dynamic aspect can be
further subdivided into two parts:

a. Process-oriented view: This re-
lates to the ever-changing environ-

COMMUNICATIONS OF THE ACM/September 1992/Vol.35, No.9

ment of an application. The entire
set of applications to which a data-
base is subjected can be considered
as a processing environment with
known processes or activities. This
view can then be modeled and sup-
ported in the DBMS.
b. Event-oriented view: We previ-
ously pointed out the nature of in-
tegrity constraints, including dy-
namic constraints n the section
“Scope of Data Models.” The event-
oriented view identifies different
types of events occurring at run-
time during the processing of a
database (i.e., as a result of such
events as insertion or deletion) and
considers the actions needed to en-
force the integrity constraints.
Rules have been proposed as a
means of capturing the dynamic
aspect of data [13, 38] and may be
combined with existing standard
models, such as the ER model, to
give the latter an active capability
[36]. We have proposed an alter-
nate way, called the structure-
function paradigm of dealing with
functions on a par with structure in
data modeling [18, 29]. In this
work, it is proposed that functions
be treated as first-class objects gen-
erating two separate class lattices
for function and structure. This
gives rise to complex structural ob-
jects and complex functional ob-
jects [30] that are themselves re-
lated, with a third group of objects,
called the interaction objects. Such
a modeling layer on top of the tra-
ditional O-O model gives the
modeler a great amount of flexibil-
ity to deal with complex physical
systems typical of engineering data
(ex., a complex machine, a nuclear
plant, or biological domains, in-
cluding the human body). We have
extended this approach with con-
trol as an additional component for
explicit modeling [12], which is es-
pecially helpful in simulation of
complex systems. In general, the
data-modeling area has not done
much to support storing of data to
drive controlled simulations and to
capture data generated from simu-
lations. Incorporating these ideas
into data models brings data mod-



els closer to Al systems that model
behavior explicitly.

current Advances
A number of advances in data-
modeling, other than the object-
oriented data models, and the ac-
tive data-modeling area outlined
previously are evident. One such
area is applying work in knowledge
representation, such as terminolog-
ical reasoning, to data models, pro-
viding them with better reasoning
power, making them easier for
users to deal with. We have devel-
oped a data model CANDIDE [10]
on this principle and have devel-
oped a number of applications
using it, including a federated het-
erogeneous database prototype, a
horticultural information retrieval
package, a full-text retrieval system,
and a multimedia natural language
interface for information retrieval.
Another area is the application
of the principles of machine-learn-
ing, so that schemas can be auto-
matically designed from instances
by a qualitative conceptual cluster-
ing process [1]. Knowledge discov-
ery or “knowledge mining” refers
to the extraction of knowledge that
is not explicitly a part of either the
request or the data in the database.
We have implemented an interface
to the CANDIDE data model to
perform knowledge-mining by a
successive generalization of a query
[2], so that the users can be given
some meaningful answer to an im-
precise query. We are likely to see
new approaches for dealing with
imprecision in data as well as in re-
quests for data along these lines.

conclusions

This article traced the evolution of
the data-modeling area from the
era of files to the present. We pro-
posed a classification of data mod-
els and pointed out their essential
features. There has been some
work on schema analysis and design
methodologies for designing data-
base schemas (e.g., [8]), which we
were not able to discuss in detail. In
terms of methodologies, we pointed
out the need for doing joint data

articies

and application (or functional)
modeling.
The trend toward object-

oriented models continues. Due to
the robustness of the relational
DBMS implementations however,
they will continue to dominate for
several years to come. We also
touched on the behavioral aspect of
modeling, which is likely to see
more work in the future.

Within the confines of this arti-
cle, we are not able to do justice to a
number of data models in the area
of nested relational data models,
temporal and spatial data models.
For new application areas such as
CAD/CAM, Geographic Informa-
tion Systems (GIS), and genetic
mapping, a number of interesting
developments in the data-modeling
area are expected. Moreover, effi-
cient use of these models requires
appropriate methodologies and
tools, which are discussed else-
where in this issue.
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