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Integrating expert system components into production
software can be difficult, because environments for
developing expert systems typically are notcompatible
with traditional software-engineering technology. To
deal with this problem, we are developing CES'f, a C­
language expert system toolset. It is a library of infer­
ence engines-implemented as C functions that can be
called from C programs-and a workbench of
knowledge-engineering support tools. CEST allows
easy integration ofexpert system components into C­
based software systems, and provides knowledge­
engineering support tools analogous to traditional
software-engineering support tools. The first tool writ­
ten for CEST is AVIEN, a backward-chaining attribute­
value inference engine. It has beenwidely distributed
within AT&'f, and has been used to build both stand­
alone expert systems and C-based hybrid systems. In
particular, the Quality Assurance Centerat AT&T Bell
Laboratories is using AVIEN in software tools being
developed for quality and reliability analysis.
Background

In the past few years, expertsystem technology has spawned
enormous interest. Attempts are currently underway to apply this tech­
nology to a wide range ofproblems. But because ofefficiency and
portability constraints and the dissimilar software-development environ­
ments for procedural and declarative languages, expertsystem
techniques can be difficult to incorporate into production software.

In thispaper, wedescribe work onCEST (C expertsystem
tools), anexpert-system function library and workbench for the UNIX®
system and C-language environment. (Panel 1 defines acronyms used in
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this paper.) The CEST project grew outofa need to add
expertsystem capabilities, such as intelligent user inter­
faces and problem solving strategies, to software tools
under development at AT&T Bell Laboratories. Like most
AT&T software tools, thesenew tools are Cbased, must
rununder UNIX system, and must be ofproduction quality
(that is, robust, portable, maintainable, etc.). The CEST
project, therefore, directly addresses the problems ofpro­
viding expertsystem tools and techniques for production­
quality software development. Because we present a via­
ble technology for integrating expertcomponents into
production software, ourwork hasimportance beyond the
UNIX system and C environment.

Current Expert System Tools
Expertsystems are computer programs thatpro­

vide expertadvice and can explain theirown reasoning.
They consist ofa knowledge base, which is a formal repre­
sentation ofexpertknowledge, and an inference engine for
processing thatknowledge to provide answers to queries
putto the system.

Expertsystems are usually built with tools that
support declarative programming as opposed to procedural
programming. In procedural programming, the programmer
instructs the computer bydescribing algorithms and data
structures. In declarative programming, the programmer
states specifications that the computation must satisfy.

For example, if one usesa procedural language to
sort a list, the computer must be given the exact sequence
ofsteps (the algorithm) required to reorder the listele­
ments. With a declarative language, the same taskrequires
the statement ofconditions thatmust be satisfied for a list
to be sorted. Thesystem thenautomatically manipulates
the listso that it satisfies theseconditions. Less precisely,
it is often said that inprocedural programming, the mach­
ine must be told exactly how to dosomething, while in
declarative programming, it must only be told what to do. 1

In traditional procedural programming, such lan­
guages as Fortran, Cobol, C, and Lisp are used. Newer
tools such as Prolog-" and OPS54 are usedfor declarative
programming. Declarative-programming tools have proven
themselves as the tools ofchoice for knowledge-intensive
and reasoning-intensive systems like expertsystems.

However, current declarative-programming tools have
severe drawbacks (discussed later) that limit theirusein
production environments.

Expert systems and declarative programming have
received enormous interest inthepastseveral years. But
thereisawide range ofopinion regarding theirusefulness,
ranging from extreme skepticism toboundless enthusiasm.
While thenumber ofexpertsystems israpidly proliferating,
few have been inlong-term useinreal-world situations. 5,6

Thus, practical experience with expertsystems and the
effective scope ofdeclarative programming islimited.

Uses of Expert System Tools andTechnologies. Expert
system techniques can be useful for enhancing the capabili-



tiesofsoftware tools. Current software tools tend to
provide strong support for tasks that are easily specified
using procedural languages (such as numerically intensive
computation). These tools, however, provide much weaker
support for tasks that are better specified with declarative
languages (such as knowledge-intensive computation).

A good example ofa knowledge-intensive taskfor
which expert system techniques are most appropriate is
the strategy for using a tool. This strategy concerns such
questions as:
1. Can I use the tool to solve my problem?
2. How do I use the tool to solve my problem?
3. If I can'tuse the tool directly to solve my problem,

can I use it inanother way to gain insight into the
problem?

4. If I can'tuse the tool to solve my problem, what do
I do?

Each question requires expertadvice, which
knowledge-based systems may provide.

To address questions 1 and 4, for example, one
might provide a rule-based expertuser interface to the
tool. Such an interface would lead a user through a consul­
tation session asking the same questions anexpertmight.
Atthe endofthis session, the interface would tell the user
ifand how he or she might use the tool, or perhaps call the
tool with the appropriate parameters. Such a knowledge­
based interface has beenincorporated into SUPER, an
AT&T tool for hardware system reliability analysis. 7,8

Questions 2 and 3 might be handled by several
small knowledge bases usedat appropriate points ina pro­
gram to provide expertguidance during analysis. This
strategy hasbeeninvestigated using STAR, anAT&T sys­
temfor life-data reliability analysis. 9

Expertsystems canalso be useful for developing
intelligent teaching tools. 10 Once expertknowledge has
beenformalized, it can be usedto provide experthints and
guidance to students during problem solving, and to query
students and compare theiranswers to those ofexperts.
We have beenexploring this technology using AVIEN
(attribute-value inference engine) to construct MINID, an
expertsystem formineral identification developed incoop­
eration with the Geology Department at Franklin and
Marshall College inLancaster, Pennsylvania.

Finally, the knowledge representation techniques
used inexpertsystems provide a way to formalize bodies
ofknowledge. This can help experts recognize and correct
gaps and shortcomings in theirown expertise.

Limitations of Current Expert-System Tools and

Technologies. Many current expert-system tools have severe
limitations thathinder theiruse in practical software­
development projects. Ourfirst concern, one shared by
prominent researchers in the field, 11,12 is whether expert
system technology is capable ofsupporting software engi­
neering onthe scale, and subject to the constraints of,
typical production-software development projects. Our
second concern, also shared by otherresearchers, 11,13 is
that current expertsystem tools do notadequately blend
facilities for declarative and procedural programming.
Thus, they fail to provide a tool suitable fordevelopers of
production software. We discuss each ofthese concerns in
turn.

Limitationsfor large-scale systemdevelopment. Large­
scale commercial and military software systems may con­
tain several million lines ofprocedural code written by
thousands ofdevelopers over a span ofyears. 14,15 Such
systems typically runona variety ofgeneral-purpose com­
putersand are subject to severe performance constraints
and memory limitations. Proven, cost-effective tools and
techniques must be applied throughout the system's life
cycle ifthe system is to be delivered ontime and produced
and maintained within projected costs.

To be suitable for use indeveloping production
software, tools thusmust satisfy several stringent require­
ments. Specifically, they must be:
- Reliable enough to be used inproduction software.
- Highly efficient. They can meetproduction performance

and memory constraints.
- Portable. They can be used insoftware thatruns ona

variety ofmachines.
- Easy to learn and use. Developers can easily incorpor­

ate them into theireveryday practice.
- Up to the standards ofgood software-engineering prac-

tice interms ofmodularity, readability, etc. 16

Expert system tools have emerged from a pure research
environment only during the lastdecade. Originally, these
tools supported research into expertsystems themselves.
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Theywere not written, nor were theyintended to be used,
forproduction-software development.

Because of their history, many expert-system
implementation tools have serious deficiencies for
production-software development. Although rapid progress
is being made in correcting these deficiencies, mosttools
still appear to suffer from oneor more problems:
- Unacceptable execution timeandmemory require­

ments. Most expert systems that are writtenin Lisp,
Prolog, OPS5, andexpert system shells basedon them
cannot satisfy the stringentperformance constraints on
production software. Thisproblem has motivated sev­
eralleading vendors ofcommercial expert-system tools
to rewrite their tools in C language. 17

- Portability problems, particularly the needfor special
hardware to achieve acceptable performance. Special­
ized hardware, suchas Lisp machines, provides
excellent support for Lisp programming andforexpert
systems that run in Lisp environments. Butproduction
software usually mustrun on many different general­
purpose computers.

- Severe software-engineering problems for large knowl­
edge bases. The largest rule-based systems inuse-for
example Rl,18 a systemproduced at Digital Equipment
Corporation to configure VAX™ computers-have no
more thanseveral thousand rules. (VAX is a trademark
ofDigital Equipment Corporation.) Experience with this
system has brought to light the difficulty ofmaintaining
and modifying a rule base ofeven this scale.

- Inadequate facilities formany typesofcomputing,
particularly numerical processing andinput/output proc­
essing. Forexample, many versions ofProlog have poor
input/output facilities, andeither lack floating-point
operations or have inefficient ones.

- Lack ofsoftware-engineering support tools. Some envi­
ronments, especially Lisp environments, provide
excellent support for software development. 19 Buteven
these environments typically fail to provide support
tools for declarative programming that are comparable
to those forprocedural programming.

- Potentially high costs when moving to a new program­
ming environment. These costs may include retraining
programmers anddeveloping new software-engineering

support tools andfunction libraries. When introducing
new technology, some costs are inevitable butcanbe
minimized if the new technology is made as simple as
possible andas much like the old environment as
possible.

To overcome some ofthese difficulties, onecan
provide more powerful hardware to execute declarative
programs. Research in this areacenters on developing
more powerful special-purpose hardware fordeclarative
programming andusing massively parallel machines. 20
Although this approach is promising, the portability con­
straints ofproduction-software development ruleout
reliance onexotic hardware for mostapplications.

In light of these many difficulties, weconclude
that, ifexpert system tools andtechniques are to be used
widely in production-software systems (which are typically
large scale, andhave challenging performance, reliability,
and portability requirements), the bulk ofthese systems
will have to be built using conventional procedural tech­
niques. Such systems would be hybrid programs,
consisting mostly ofprocedural code that calls declarative
programs when necessary.

Limitations on hybrid procedural and declarative program­
ming support. The development ofproduction software that
incorporates expert system technology mustsupport both
procedural anddeclarative programming because:
- Production software mustbe able to interface to already

existing systems andlibraries ofcode writteninproce­
dural languages.

- Given the inadequacies already citedforexpert-system
development tools, clearly, current large-scale produc­
tion systems mustbe hybrid systems.

There are three approaches to combining proce­
dural anddeclarative components when building hybrid
systems:
1. Combine the procedural anddeclarative paradigms in

the same language. Prolog andOPS are the premier
examples in this regard.

2. Provide a way to call procedural routines from a
declarative language. Agood example of this approach
is Borland International's Turbo Prolog™ language, 21
an implementation ofProlog for the IBM PC andcom­
patible microcomputers that allows calls ofPascal, C,



Fortran, or assembler functions. Another such tool is
the ExpertSystem Development Environment/Vlsl,"
developed at IBM.

3. Provide a way to call declarative-language routines
from a procedural language. An example ofthis
approach is OPS83,23 which allows calls inboth direc­
tions between C or Fortran functions and itself.
Recently, a similar implementation ofOPS called C5
was completed at Bell Laboratories" especially for the
UNIX system and C environment. Another realization
ofthisgeneral idea is RuleMaster2, anexpert-system
building tool that compiles rules written ina language
called Radial into C or Fortran code. 25

Thefundamental reason thatalternative 1 is poor
is that the procedural and declarative-programming para­
digms are radically different. Although research onthe best
way to combine these paradigms is currently under way, it
seems clear that undisciplined mixing ofconstructs from
both paradigms is notsatisfactory for production-software
development. Mixing these constructs forces the program­
merto deal with more complex syntax and semantics than
a purely declarative language would require. Even more
important, it forces the programmer to consider flow of
control while working in the declarative-programming para­
digm, which is alien to the paradigm and very difficult
besides. Programming environments or languages thatmix
the procedural and declarative-programming paradigms
typically lead to code that causes unexpected behavior and
is difficult to understand and maintain.

This point has beenmade frequently for
Prolog.v-> which brings the cut operator-a procedural
construct-into a programming language thatis primarily
declarative. Use ofthe cut operator often results in
unreadable Prolog code. Similar criticisms have been made
for OPS526and, by inference, the entireOPS family. These
difficulties are so severe that they rule outthisapproach
for large-scale software development.

Approach 2-provide a one-way interface from a
declarative language to a procedural language-is inade­
quate because most ofa large hybrid production system
must be written ina procedural language thatoccasionally
will useknowledge-based components, rather than the
otherway around.

Approach 3-provide aninterface from a proce­
dural language to a declarative language (and even better,
the otherway as well)-is the optimal approach and the
one we have pursued with AVIEN.

The CEST Strategyand Its Advantages
Thebasic idea ofthe CEST project is to provide

tools for constructing high-quality expert-system compo­
nents for incorporation into procedural programs. CEST
will provide two classes oftools:
• Alibrary ofinference engines and support functions that

are written inthe Clanguage and can be called from C
programs.

• Aworkbench ofknowledge engineering tools for build-
ing, analyzing, and maintaining rule bases.

Theneeds ofproduction software for portability and high
performance aremetbyimplementing small, fast, infer­
ence engines inC. Needs for reliable, high-quality code are
metbyproviding knowledge engineering tools.

Although we are notundertaking such work, other
popular tools for building expertsystems-such as C5,
OPS83, and Prolog-could be incorporated into the CEST
toolset as callable inference engines, ifversions ofthese
tools with appropriate interfaces to Care provided.

Advantages of ThisApproach. Cis a small, efficient
language that was originally intended for systems program­
ming. However, libraries offunctions have been supplied
thateffectively extend its application domain, making Ca
suitable tool for othertypes ofprogramming as well. For
example:
• Thestring handling library makes Ca powerful language

for text processing applications.
• Themath library makes C suitable for numeric

computation.
• Curses, a library ofscreen handling routines, enables

C to provide sophisticated user interfaces for applica­
tions thatrequire them.

Thus, a ready way to extend Cto include expert system
capabilities is to provide anexpert-system function library.

Providing anexpert-system function library of
callable inference engines hasadvantages thathelp satisfy
many ofthe requirements we listed for production­
software engineering tools. First, a Cfunction library is
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easyto interface with Cprograms. Portability is enhanced
because C ishighly portable.

Reliability increases because the callable­
inference-procedure approach realizes the good software­
engineering practices ofmodularization and information
hiding. An inference engine that is completely distinct
from applications that call it is effectively a separate mod­
ule or package whose implementation details are hidden
from its users. The procedure's calling conventions and
the syntax and semantics that govern the rulebasespecify
the interface to this module. Thus, an inference engine­
once completed and tested-provides reliable service to
calling programs through a precisely defined interface. A
good set ofexpert-system programming support tools
should also enhance reliability by providing helpful testing
and analysis tools for debugging.

Because inference engines are provided ina
library, more than one engine can be made available to
application programmers. This advantage has important
consequences forexecution efficiency, maintainability, and
easeoflearning and use. Generally, there is a trade-off
between the efficiency ofaninference engine and the
power ofthe language inwhich the rules in its rule base
may be expressed. For example, a small, fast, goal-driven
inference engine can process rules thatare expressed ina
simple attribute-value language. Generally, a simpler lan­
guage will also be easier to learn anduse, although its
expressiveness may be limited. Finally, knowledge bases
thatare expressed ina simpler language will be easier to
maintain (if the language is expressive enough inthe first
place).

If several inference engines are available, the one
that is most appropriate for the rule basemay be called to
process it. By expressing anapplication's rules inthe sim­
plest possible language andcalling the least sophisticated
(and presumably most efficient) inference engine to proc­
ess them, one can achieve maximum efficiency in
declarative-program processing. Such a knowledge base
should also be easier to construct and maintain.

An expert-system function library and workbench
effectively extends the standard software-development
toolkit instead ofreplacing it. Consequently, developers

need not relearn an entireenvironment and programming
methodology. They need only extend theirskills to include
the use ofanother class of tools. Furthermore, because
the tools we envisage are simple and often like standard
tools inthe UNIX system procedural-programming envi­
ronment, the problems ofprogrammer retraining and
development environment retooling should be minimized.

Because a knowledge baseis supplied as anargu­
mentto an inference engine, modular knowledge-base
development is encouraged. The extensive set of tools that
we plan for the workbench (discussed below) should also
help solve the software-engineering problem for large
knowledge bases.

Perhaps the greatest advantage ofourapproach is
that it imposes a disciplined interface between procedural
and declarative-programming facilities. Procedural pro­
gramming needs are met by procedural programs
(standard Cfunctions). Declarative programming needs
are met by declarative programs (inference engines that
drive knowledge bases) that ideally contain noprocedural
programming constructs. Thus, we segregate procedural
programs from declarative programs with no admixture of
facilities from the two paradigms. The C-function call and
returnmechanism provides the interface between pro­
grams written in the two paradigms. The result ofthis
strategy is that hybrid systems are more efficient, more
reliable, and more maintainable.

AVIEN
As a test ofthis approach, we have implemented

AVIEN, a backward-chaining inference engine that can be
called from C programs. The inference engine usesa sim­
ple, attribute-value logic and consists ofabout 1600 lines of
C code, which produces an object file ofabout 35 kbytes.

Programmers have access to the following func­
tions for manipulating knowledge bases (Figure 1):
• kapen opens files ofrules, facts, andattribute descrip­

tions; parses the contents; storesthem ina new
knowledge base; and returnsa pointer to that knowl­
edge base. (Rules, facts, and attributes will be
described shortly.)

• infeng is the backward-chaining inference engine. It



Figure 1. TheC
language-AVIEN inter­
face. AVIEN provides
a e-program access
to knowledge bases
(KBs) via C·function
calls.

uses anattribute as a goal and attempts to find a value
for the attribute by processing the rules, facts, and attri­
butedescriptions ina knowledge base. in fen g also
usesanargument that indicates whether it should con­
sulta user. infeng can explain its reasoning and, as
an option, provide explanations ofany questions it may
ask a user.

- kclose closes a knowledge baseand frees all the
memory space allocated forit.

- wri tefact allows the C program that called AVIEN
to writea fact directly into a knowledge base. Thiscan
be especially useful for real-time applications such as
performance monitoring.

- clearfacts erases facts from a knowledge base.
Facts,Rules, and Attributes. An AVIEN knowledge

base consists ofrules and optional facts and attributes. An
attribute (represented internally as a character string) is
any property ofa thing and hasa value (again, represented
as a character string). A/act consists ofanattribute and a
value connected by is or are. For example, ifcircuit
design is anattribute and correct a value ofthis
attribute, then

circuit design is correct
is a fact. Similarly, if system life distributions
is an attribute and known is oneofits values, then

system life distributions are known
is a fact.

Rules consist ofoneor more conjoined anteced-

ents (theconditions) and a consequent (the conclusion).
Both antecedents and consequents are facts; for example,

IF level of reliability information
is block

AND system is multiway
THEN analysis is SUPER

Attribute descriptions-which are needed for
interactive applications-consist ofanattribute, an expla­
nation, and a prompt. For example,

attr system life distributions
translat A cumulative distribution

function that gives the probability
of failure by time t

prompt Are system life distributions
known or unknown?

Here, the keyword attr introduces the attribute, and the
information that follows trans lat explains the key­
word. Thisexplanation canbe a line oftext (asinthe
example), a pathto a text file, or a pathto anexecutable
program. AVIEN uses it to respond when a user asks for
anexplanation ofa question. The keyword prompt intro­
duces the questions that AVIEN uses to prompt a user for
information about anattribute when it cannot determine
that information from facts or rules.

An ExpertSystem BuiltUsingAVIEN. Panel 2 presents a
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sample execution ofAVIEN using a knowledge base about
tests ofstatistical association. The calling C program
prints the opening banner and final answer. User responses
appear inbold type.

This example shows AVIEN's explanation fea­
tures. When the user types explain inresponse to a
question, the system gives the explanation that the knowl­
edge base'screator provided. When the user responds
with why, the system gives the rule it is currently trying
to prove, with premises ofthe rule numbered. If the user
types how-followedbya number thatcorresponds to a
premise in the rule-and the truth value ofthe premise is
known, the system will tell how it determined the truth
value. If the truth value is notknown, the system will tell
how it can find out.

Asanoption, a full trace ofthe reasoning
sequence is produced and stored ina file.

AVIENApplications. Sofar, AVIEN has beendistrib­
uted to over 60AT&T organizations and to several
universities. It is or has beenincorporated into the follow­
ing systems:
- SUPER is a system-reliability prediction tooF,8 that the

Quality Assurance Centerat AT&T Bell Laboratories
developed and supports. AVIEN was used to build an
intelligent front-end to SUPER thathelps users decide if
and how SUPER can be usedto solve reliability analysis
problems.

- STAR, which the Quality Assurance Center also devel­
oped and supports, is a UNIX-system-based software
package for analyzing censored time-to-failure reliability
data. 9,27 AVIEN is being usedto enhance the guidance
strategies thatSTAR offers to users.

- AVIEN hasbeenusedto construct tools to assist in
UNIX system administration.

- SCAMP (Service Control and Monitoring Prototype) is a
prototype ofa management system for complex hybrid
networks. SCAMP algorithms determine ifthe network
is incritical trouble, based ondata received about out­
of-service circuits and traffic load. If the network is in
crisis, the AVIEN-based expertsystem is usedto deter­
mine anameliorative response.

- AVIEN hasbeen usedto build a grade-of-service help
function for a network-customer-control prototype.

Enhancements to the Inference Engine Library
We are also examining ways to enhance the library

ofinference engines.
Use Other Knowledge Representations. Theinference

engine discussed above usesrules to represent knowledge,
butrules are only one ofmany knowledge representations
thathave beenproposed. Two othertypes ofknowledge
representations are semantic nets>and frarnes" Others
have reportedv-' expert-system development shells that
make rules, semantic nets, and frames available. We feel
that this is a good approach, and although thesetools are
notadequate for software engineering in the UNIX
systemiC environment, we would like to build inference
engines thatprovide access to at least these three repre­
sentation methods.

Enhance the Inference Mechanism. We have identified
the following types ofinference mechanisms as candidates
for addition to our function library.
- Forward-chaining procedures begin with everything that

is known, and attempt to deduce as many otherfacts as
possible. This strategy is often useful for problems that
have many alternative solutions.

- Many models for probabilistic reasoning have been pro­
posed, including Bayesian statistics and "fuzzy set"
theory. 32 Several problem-solving domains involve inex­
actreasoning, so at leastone probabilistic inference
engine should be partofthe projected tool set.

- Much reasoning can be captured inpropositional logic,
and inference engines for propositional logic can be very
efficient. Therefore, such procedures could be a valua­
ble addition to the library.

- For maximum expressive power, inference engines for
various subsets offirst-order logic (such as Hom clause
logic) should be included inthe library.

Knowledge Engineering Workbench
Any serious software-development environment

must provide a good set oftools to the developer. The
effort to add declarative-programming methods to the
procedural programming paradigm cannot stop with the
provision ofcallable inference engines. It must also provide
tools to support the declarative programmer.

Awealth oftools hasbeendeveloped to support
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traditional procedural programming, the most well-known
collection ofwhich is, perhaps, the UNIX system. Unfor­
tunately, fewer tools have beendeveloped fordeclarative
programming. It is noteven clear which tools would be
most useful. Consequently, the provision ofsupport tools
for declarative programming must, inpart, be a research
effort whose aim is to generate new tools and determine
theirusefulness.

We drew ourlistsofprojected tools partly from
tools provided inotherdeclarative-programming environ­
ments, and partly from analogy with useful procedural
programming tools.

Knowledge-Base Generation Tools. Thesetools help
the software engineer to produce correct knowledge bases
quickly and easily.
• Some success in using syntax-directed editors for pro­

gram development hasbeenreported forprocedural
languages. 33 Today, syntax-directed editors for building
rule bases are available and should prove valuable to the
knowledge engineer.

• For expertclassification problems where the number of
eventual outcomes is ofreasonable size, the knowledge
specification phase ofanexpert system project often
involves drawing a decision tree. It is possible to develop
a support tool that automatically translates the tree into
the internal representation ofrules and, as anoption,
produces a version ofthe rules for inspection.

• Arule-induction system automatically abstracts rules
from examples that the knowledge engineer provides.
Recent work onrule induction25,34.35 suggests that such
facilities may be a valuable addition to the declarative­
program development toolbox.

Static Analysis Tools. Static analysis tools are used to
check knowledge bases for syntactic and semantic correct­
ness before processing. They also produce data helpful in
debugging and evaluating whether a knowledge baseis cor­
rect and complete.
• To help with the creation ofrulebases, consistency

checkers automatically analyze a rule baseto determine
ifit is consistent. 36 (A rulebaseis consistent ifit does
not imply contradictory conclusions.) Unfortunately,
consistency checking is a hard problem, both theoreti­
cally and practically. Agoal ofourresearch is to

investigate further when consistency checking is
feasible.

• Arule-base summarizer provides summary information
thathelps the rulebase's formulator determine ifthe
rules have beenformulated properly andcompletely.

• Even when anadequate rule basehasbeenformulated,
it may contain unnecessary or redundant rules. Arule­
base simplifier could rootoutredundancies and recom­
mend appropriate changes to the rulebase.

• Studies have questioned the usefulness ofsoftware com­
plexity metrics, such as McCabe's metric and
Halstead's metric. 37,38 But we have found certain simple
measures, such as NCSL (noncommentary source lines)
to be useful inestimating how fault prone and readable
the code is. 39 We intend to include metric tools for knowl­
edge bases thatwill reportsuchdata as number of
rules, number ofantecedents inrules, number offacts,
and number ofattribute records.

Dynamic Analysis Tools. Dynamic analysis tools are
used to check software at run time. They help the system
developer determine the software's execution efficiency,
its correctness, and the extent to which it hasbeentested.
• Coverage analysis tools report the rules that have been

executed, what facts have beenused, what attributes
used, etc.

• Timing tools report the execution time for aninference
engine to process a query.

• 'Iracing tools provide a full traceofthe inference
engine's reasoning sequence for processing a query.

• Because knowledge bases lend themselves to incremen­
taladditions ofknowledge, regression test sets must be
provided to ensure that a modified knowledge basestill
functions correctly. Regression testing tools aid inthe
development and management ofregression test sets.

Conclusion
Expertsystem techniques are a useful enhance­

ment to standard programming development
environments, butcurrently cannot replace them.

We have argued that expertsystem technologies
can help solve practical software-engineering problems by
providing supplements to the traditional software­
engineering environment as a library ofcallable inference



engines and a workbench ofdeclarative-programming
tools. We have described the components ofsuch a library
and workbench and have shown its feasibility with
AVIEN-a backward-chaining, attribute-value inference
engine implemented as a set ofCfunctions. AVIEN has
been widely distributed within AT&T and usedsuccessfully
inseveral projects.

We propose to continue development ofthe library
and workbench, adding more inference engines and creat­
ing development-support tools for declarative
programming.
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