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Summary. Artificial‘imelligence. long a topic of basic computer science research, is now being
applied to problems of scientific, technical, and commercial interest. Some consultation programs,
though limited in versatility, have achieved levels of performance rivaling those of human experts. A
collateral benefit of this work is the systematization of previously unformalized knowledge in areas such

as medical diagnosis and geology.




Introduction

Few areas of research have been as exciting, promising, or bewildering as artificial intelligence
(Al). After twenty-five years of use, the very name -- combining as it does a highly immodest ambition
with a suggestion of deceit -- still has the power to provoke controversy.

Research in artificial intelligence has several goals. One is the development of computational
models of intelligent behavior, including both its cognitive and perceptual aspects. A more
engineering-oriented goal is the development of computer programs that can solve problems normally

thought to require human intelligence.

These are ambitious aims, and neither has been achieved in any general sense. However, the
researc " efforts have led to a substantial body of theory and techniques (1). In addition, during the last
ten years a number of serious efforts have applied Al to practical problems such as speech recognition,
language understanding, image analysis, robotics, and consultation systems. Judged in strictly
practical terms, the successes achieved to date have been modest. However, they hold great promise,

and the application of Al methods to practical problems is attracting widespread interest.

This paper concerns a ..-laés of Al computer programs intended to serve a consultants for
decision making. They are often called "expert systems" because they address specialized problems
normally thought to require human specialists for their solution (2). In a limited but nonetheless
genuine sense, some of these programs have reached expert levels of performance on the problems for
which they were designed. This paper both describes these accomplishments and identifies some

difficult problems that must still be solved to realize their benefits in practice.

Historical Background

The goal of much of science has been to obtain quantitative descriptions of natural phenomena.
Early in their training, most scientists encounter Lord Kelvin's characterization of scientific knowledge:
"Wher you can measure what you are speaking about, and express it in numbers, you know something
about it; but when you cannot measure it, when you cannot express it in numbers, your knowledge is of
a meager and unsatisfactory kind: it may be the beginning of knowledge, but you have scarcely, in your

thoughts, advanced to the stage of science."

Unfortunately, not all natural phenomena can be expressed well in numbers. In particular,




symbolic rather than numerical operations seem to characterize cognitive activities, such as planning,

problem solving, and deduction. Serious work on artificial intelligence began when researchers first

realized that digital computers were not just fast adding machines, but were general-purpose symbol
processors, potentially capable of being programmed to exhibit such intelligent behavior (3).

To provide "existence proofs" to support this view, Al researchers wrote programs to solve well-
defined problems that had a distinctly non-numerical character -- programs that could play games,
solve puzzles, perform symbolic integration, and even prove simple theorems in algebra, geometry, and
symboliz logic. Among the important techniques that emerged from this work were general methods for
representing information in symbolic data structures, general methods for manipulating these

structures, and heuristics for searching through them (4).

Although these results were relevant for demonstrating the theoretical nossibility of machine
intelligence, they fell far short of providing a basis for constructing programs that could solve complex
practical problems. The early hope that a relatively small number of powerful general mechanisms
would be sufficient to generate intelligent behavior gradually waned. When significant problems were
addressed, it was often discovered that heuristic methods alone were incapable of handling the sheer
combinaiorial complexity that was encountcred. Similarly, general probi.m-s0i«ing techniques
confronted with imprecisely stated "problems," uncertain "facts,” and unreliable "axioms" were found

to be inadequate to the task.

When it was asked how people were able to devise solutions to these problems, a frequent
answer was that people possess knowledge of which the programs were wholly innocent. This
knowledge is employed in a variety of ways -- in clarifying the probiem, suggssting tie kinds of

procedures to use, judging tihe relizipility of facts, and deciding whether a solution is reasonable.

The growing recogniticn of the many kinds of knowledge required for hich performance
reasoning systems changed the shape of Al research. In the words of Goldstein and Papert, "Today
there has been a shift in paradigm. The fundamental problem of understanding intelligence is not the
identification of a few powerful techniques, but rather the question of how to represent large amounts
of knowledge in a fashion that permits their effective use and interaction. ... The current point of view is
that the problem solver (whether man cr machine) must know explicitly how tc use its knowledge -- with
general techniques supplemented by domain specific pragmatic knowhow. Thus, we see Al as having

shifted from a power-based strategy for achieving intelligence to a know/edge-based approach." (5)




Expert Systems

The development of experf-syétems programs is one of the results of this shift to a knowledge-
based approach (6). Paradoxically, it has proved much easier to emulate the problem solving methods
of some kinds of specialists than to write programs that approach a child's ability to perceive, to
understand. language, or to make "common-sense" deductions. Many human experts are
distinguished by their possession of extensive knowledge about a narrow class of problems. It is this
very limitation that makes it feasible to provide a computer program with enough of the knowledge
needed (o perform effectively at those tasks. ;

The simplest and generally most successful expert systems are classification programs.
Designed to be used in a well-defined context, their purpose is to weigh and balance evidence for a
given case to decide how it should be categorized. Differential diagnosis is a classical medical example
of such a problem. Although it is far from simple to do differential diagnosis well, the fact that much of
an expert’s knowledge concerns specific facts has made it easier to identify the necessary knowledge.

By contrast, it has proved much more difficult to develop expert systems for problems that have a
more syntnetic character. For example, despite some remarkatle progress, no programs have yet been
written that can rival an expert mathematician at proving theorems, or an expert engineer at designing .
circuits. While no one doubts that mathematicians draw upon their knowledge of mathematics in
devising proofs, and while a remarkable amount of that knowledge has been identified (7), the nature of

mathematical expertise remains elusive (8).

This paper is concerned with the characteristics shared by a number of successful expert
systems developed during the last decade. Before generalizing, however, we shall first describe a

particular system in sufficient detail to ground our general observations in specific facts.

The MYCIN System

MYCIN is an expert system developed at Stanford University in the mid-1970's to aid physicians

with the selection of antibiotics for patients with severz infections (9). In several different evaluations,
MYCIN has demonstrated an ability to pertorm at or near the levels of expert physicians (10). As we
shall emphasize later, technical performance, narrowly defined, is not the only criterion for
acceptability, and current research on descendants of MYCIN is being aimed at overcoming some of its
deficiencies. Yowever, MYCIN's combination of competent performance and conceptual simplicity

make it particularly convenient as an illustrative example.
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All infectious disease knowledge in MYCIN is represented in the form of rules. The current
system contains about 500 rules that deal with the diagnosis and treatment of bacteremia (bacteria in
the blood) and meningitis (bacteria in the cerebrospinal fluid). Within the program, these rules are

expressed in a stylized form that simpliﬁés ccmputer interpretaiion and facilitates their translation into

English for human examination. The following is an example of a MYCIN rule expressed in English:

If: The infection is meningitis, and
Organisms were not seen on the stain of the culture, and
The type of infection may be bacterial, and
The patient has been seriously burned

There is suggestive evidence that Pseudomonas-aeruginosa
is one of the organisms which might he causing the infection.

To use such general knowledge about infectious diseases, MYCIN must obtain specific
knowledge about a particular patient. These patient data are stored in a dynamic database in the form
of "attribute-object-value” triples. For example, the database might contain the facts that the stain
(attribute) of a particular organism (object) is gram-negative (value), or that the type of a particular

infection is bacterial.

MYCIN works in two phases -- diagnosis and therapy. In its diagnosis phase, the program’'s main
goal is to apply its rules to determine the identity of all suspicious organisms. When it attempts to apply
a rule, it queries its dynamic database to see if the needed facts are available. Thus, to apply our
example rule, MYCIN would begin by accessing the database to see what is known about the the
infection of the patieng. If the iniection were known not to be meningitis, this rule wou!d be discarded at
once. However, if the infection were thought to be meningitis, the program would check the other parts
of the premise in turn. If all parts were satisfied, MYCIN would apply the rule, concluding that the

organism'’s identity might be pseudomonas and thereby updating the dynamic database.

A more interesting situation arises if there is no information in the database about the patient's
infection, or if what is known is too uncertain to allow any conclusicns. In this case the program has
two options. If this is the kind of information that the user should be able to provide, MYCIN can rely on
the user's kncwiadge of the casa and ask "What is the <attribute> of the <object>," i.e., "What is the
infection of the patient?" |If the user knov': the answer, then that information can be added to the
database, and the program proceeds to the next part of the premise. However, if MYCIN has rules
allowing it to infer the answer itself from other data about the case, it sets up the new goal of
determining the infection. This problem is attacked by gathering together, and attempting to apply, all
rules whose conclusions refer to the infection of the patient.
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Thus, MYCIN's strategy in rule selection is goa!-oriented, and its inference method is to "reason
backwards" from its initial goal. it attempts to achieve any goal by applying all of the directly relevant
rules. The need to establish the premises of those rules sets up new subgoals that are treated in the
same way. When the program eventually obtains some factual information from the user, some rules
may become applicable and are applied. The application of a rule enters new facts into the database,
which in turn might enable the application of other rules. Thus, the line of questioning, the rules that
are applied, and the conclusions that are reached are determined by the data obtained for the particular

patient.

The execution of this straiagy leads to interactive consultation with the user. Pcrtions of a sample
consultation session with MYCIN are shown in Figs. 1-3. With the exception of a few routine initial
questions, each question asked by the system is the consequence of its attempt to agply some
particular rule. The rzsponses of the user, who is presumed to be a physician, are printed in capital
letters and follow a double asterisk. In most cases the user provides single-word answers, including
“UNKNOWN" when no information is available. However, the user can also respond with one of a
number of commands. Of these, the "WHY" command is particularly impecrtant, distinguishing MYCIN
from alternative decision-tree or statistically-based programs that might have produced a superficially
similar line of questioning. Thus, when the user asked MYCIN why Question 38 was being asked (see
Fig. 3), the program could provide both the goal of the question and the relevant rule being pursued. By
repeatedly invoking the "WHY" command, the user can systematically trace back through the chain of

reasoning used by the program.

This ability to provide understandable explanations is one of the greatest advantages of an Al
approach to diagnosis. Lack of this ability is a major reason thzt physicians have failed to embrace
statistically-based diagnosis programs, even in those cases where excellent perfermance has been
demonstrated in clinical trials (11). MYCIN's explanation facilities expose the program's line of
reasoning in a way that a human cbeserver can understand and critique. Furthermore, they contribute to

the potential use of systems like MYCIN for computer-aided instruction (12).

Accomiplisnments To Date

MYCIN is only one among the many expert systems built during the last decade. Most of these
programs have resulted from applied research. The general ideas behind their methods for know!edge
representation and inference were well-known within the Al community, and the problem was to show

that the techniques could be effectively applied to problems of scientiiic or economic interest.




Expert systems have typically been developed by running the evolving program on test cases,
noting problems, and refiring the knowiledge base or problem-solving strategy accordingly. In many
cases the more mature programs have undergone formal evaluation to assess their performance
relative to some accepied performance criterion, such as agreement with the decisions of human
experts. These evaluations are complicated by the many dimensions along which to evaluate
performance, together with the fact that the experts may disagree as to what constitutes correct
behavior (13). :

Some representative expert systems are listed in Table 1. Each program mentioned has either
undergone a formal evaluation or is in routine use. Although the list is by no means exhaustive, it does
summarize the state-of-the-art, and reflects the ways in which validation experiments must often be
adapted to the nature of the problem domain for which the expert systaim was developed. To illustrate

these issues, we shall briefly describe the validation of some of the better known systems.

DENDRAL. One of the earliest expert systems, DENDRAL analyzes mass spectral patterns to
suggest the chemical structure of unknown compounds (14). Its use has led to approximately 50
publications in the chemistry literature, and it has been validated by running anzlyses on several
funmilies of compounds: aliphatic structures (ketones, ethers, alcohols, aiid amines), generalized
aliphatic monofunctional compounds, cyclic ketones, estrogenic steroids, and prostaglandins. The_
validation methodology has involved developing analytical rules on a small set of compounds from the
group of interest, testing and refining on several more members, and then validating by running the
system on a total of 25-40 compounds in the same class. The system'’s contributions to retereed journal
publications, coupled with its acceptance and routine use by chemists, have been viewed as an

effective validation of DENDRAL's performance.

MYCIN. The meningitis evaluation for MYCIN involved a more‘ formal blinded study design in
which the expert evaluators were unaware whether they were assessing the advice of an infectious
disease consultant, a medical resident, a medical student, or the program. In that study, MYCIN's
recommendations were uniformly judged preferable, or equivalent, to those of five Lrafectious disease
experts who recommended therapy for the same patients (10). Those cases iﬁ which MYCIN tends to
do least well are those in which serious infections were present at sites in the body about which the
program has no knowledge. One reason the system has not been implemented ciinically, therefore, is

the incompleteness of its infectious disease knowledge.

INTERNIST-1. INTERNIST-1 is an ambitious program designed to undeiiake diagnosis for all

problems in internal medicine (15). The knowledge base was developed and refined by running the




program on difficult cases taken from medical journals. In a recent evaluation, new cases representing
43 different medical diagnostic problems were selected from case discussions in the New England
Journal of Medicine. INTERNIST-1 performed extremely well on these difficult cases, with the
program failing to make the correct diaghosis only 18 times, cumpared with 15 times for the physicians

caring for the actual patient and 8 times for the expert clinician who discussed the case in the journal.

An analysis of those cases on which INTERNIST-1 failed to perform as well as the discussants has

helped identify specific deficiencies which will need to be overcome in subsequent versions of the
system: e.g., the program's inability to reason using anatomic knowledge or knowledge of the time
course of disease, its occasional attribution of clinical findings to improper causes, and its inability to

explain the basis for its decisions.

PROSPECTOR. PROSPECTOR is a mineral exploration consultation system designed for
problems in regional resource evaluation, ore-deposit identification, and drilling-site szlection (17). Its
knowledge base is organized around models of different types of ore deposits, including Kuroko-type
massive sulfide, Mississippi-Valley lead/zinc, Komatiitic nickel sulfide, Yerington porphyry copper,
Butte porphyry copper, island-arc porphyry copper, hood porphyry molybdanum, zonad-vertical-
cylinder porphyry molybdenum, roll-front sandstone uranium, and Grants sandstone uranium. As with
MYCIN, PROSPECTOR's coverage is incomplete, and imuch work remains to include all deposit types of

economic significance.

In PROSPECTOR's domain, the usual problems of validation are further complicated by the
relatively small number of well-known ore deposits of any given type, and the long time that elapses
between the initial discovery of a deposit and its final characterization. In formal tests using data from
known deposits, PROSPECTOR's assessments have repeatedly heen shown to agree closely with those
of the geological consultants who had provided the models. In addition, in the one test involving a
prospect undergoing exploration, the program accurately identified the location and extent of ore-
grade mineralization for a previous!y unknown porticn of a porphyry-molybdenum deposit. While this
success does not constitute a formal statistical study, it does provide encouragement for devoting the
time needed to extend PROSPECTOR's knowledge base.

R1. R1is a rule-based expert system that configures VAX computers, determining the physical
layout and interconnection of their many components (18). The program both adds support
components missing from the order and saves engineering time, providing technicians who assemble
the systems with information that is much more detailed than the traditional hand-generated
specifications. Developed at Carnegie Mellon University in the late 1970's, R1 is now used by the Digital
Equipment Corporation to configure every VAX that is sold. Of the more than 3000 orders that were




processed in one three-month period, over 85% of the configurations were flawless, and most of the
rest were usable with minor corrections. Many of the errors occurred merely because R1 lacked
database information on recently introduced products, and most of the rest were due to known,
correctable problems with the rules. Although a formal validation procedure was performed before a
decision was made to put R1 into production operation, the acceptance of R1 in practice is the most

convincing demonstration of its usefulness.

The programs mentioned here, and the others listed in Table 1, serve to illustrate the current
status of expert systems research. Without exception, the successes that have been obtained were due
to extensive effort devoted to formalizing and organizing a large amount of knowledge. This knowledge
is neither a large database of unstructured facts, nor a small set of formal axioms for a general theory.
Rather, it is typically a substantial collection of semi-organized, perhaps incompiete, and cften
subjective informaticn. Encoding this kind of subjective information in a computer program serves to
make it, if not objective, at least explicit and public. If the knowledge is valuable and is faithfully
represented, the resulting program can make it more widely available and permit it to be more uniformly
applied as an aid to decision making. Indeed, one of the most important results of this enterprise may
be the development of ways to express formally, and to record systematically, knowledge that is usually
unexpressed and unrecorded.

Research Issues

It is noteworthy that despite the generally excellent decision-making performance that has been
achieved, only four of the systems listed in Table 1 are in routine use, and two of them (PUFF and the
EXPERT electrophoresis analyzer) are rather small and simple programs by Al standards. Thus, it is

important to ask what is impeding the greater use of expert systems.

There are several answers to this question. One is that the work is relatively new. Most of fhe
expert system projects have been undertaken as research efforts aimed at demonstrating the possibility
of applying Al methods to significant problems. Such a demonstration is merely the first step toward
practical operation, after which other considerations such as cost, sgeed, raliability, versatility,

convenience, and user acceptance become dominant.

However, there are also some more fundamental problems that are not only holding back the
exploitation of these particular programs, but are aiso limiting the potential for future applications. in

this section we consider some of these more basic research issues.




Knowledge Acquisition. One common characteristic of MYCIN, INTERNIST, and PROSPECTOR is
that their knowledge bases are all incomplete. The identification and encoding of knowledge is
generally one of the most complex and arduous tasks encountered in the construction of an expert
system. Even when an adequate knowledge representation formalism has been developed, experts
often have difficulty expressing their knowledge in that form. Thus, the process of building a
knowledge base has usually required a time-consuming collaboration between a domain expert and an
Al researcher. While an experienced team can put together a small prototype system in one or two
man-months, the effort required to produce a system that is ready for serious evaluation (well before

contemplating actual use) is more often measured in man-years.

It has frequently been suggested that some kind of learning process might solve this problem. A
related idea is to provide the expert with an appropriate way to "teacn" the systern directly (23). While
both of these ideas are plausible, programs that can learn or bz taught seem to need a significant
amount of initial knowledge, together with mechanisms for assimilating that knowledge properly.
Although this is an excellent area for future research, learning techniques cannot currently solve the

problems facing an expert system builder.

Kiiowledge Representation. MYCIN's knowledge about hacterial infections and R1's knowledge
about computer configuration are represented by rules. The advantages and limitations of this kind of a
simple, uniform approach are well appreciated by Al researchers, who have developed a variety of
alternative formalisms for knowledge representation (24). The methods currently in use in expert
systems rarely capture subtleties, and sometimes fail to reflect major aspects of an expert's knnwledge.
For example, while MYCIN and INTERNIST-1 have effective mechanisms for representing empirical
associations, neither one has appropriate ways to express physiolayical mechanisms or temporal

trends in the evolution of disease processes.

Ideally, a knowledge representation formalism should satisfy the following requirements: (a) it

should represent the concepts and intentions of the expert faithfully, (b) it should be able to be
interpreted by the program correctly and effectively, (c) it should support explagations that convey a
line of reasoning that the human observer can understand and critique; (d) it should facilitate the
process of finding gaps and errors in the knowledge base, and (e) it should allow separation of domain
knowledge from the interpretation program so that the knowledge base can be enlarged or corrected
without the nzed for reprogramming the interpreter. These criteria place conflicting demands on the
sysiem designer. The first iwo (fidelity and effectiveness) lead toward complex representations
specialized to each situation, wherecas the other three favor a single, uniform formalism that is simple to

interpret.




While the choice of uniform representations has allowed the construction of large systems,
current research is showing a trend toward more complex and heterogeneous approaches. It has
frequently been noted that humans seem to exploit several different representations of the same
phenomena. In particular, experts seem to employ rule-like associations to solve routine problems
quickly, but can shift to using more reasoned arguments based on "first principles" when the need
arises (25). Although the construction of expert systen.\s that employ multiple levels of representation is

a complex task, it promises a significant increase in capabilities (26).

Inference and Uncertainty. As we have mentioned, MYCIN is a goal-directed inference system
that reasons backwards from goals to data. Other inference strategies have been used in other
domains. For example, R1 uses a so-called "data-directed"” strategy in which the user initially enters all
of the information about the problem into the dynamic database. and the subsequent beh.vior is
determinec by using the rules to "reason forward" from the data to the conclusions. More generally,

one would like to use knowledge about the problem to decide the best strategy to pursue.

When inference steps are less than certain, a new level of complexity is introduced. Most expert
systems that can tolerate uncertainty emgloy scme kind of probability-like measure to weigh anc
bulance conflicting evidence. PROSPECIOR uctually assigns probabilities to conciusions, using an
approximate form of Bayes' Rule to update these probabilities as information is obtained; as one might
expect, however, this leads to problems with assumptions about statistical independence and prior
probabilities. MYCIN avoids these problems by employing a special calculus of cartainty values;
however, the operational meaning of the computed numbers is not always clear. Possibility theory (27)
and the Dempster/Shafer theory of evidence (28) have been advocated as alternatives on the grounds
that one should distinguish vagueness or ignorance from randoimness. However, questions anoui how
a program should reason in the presence of ignorance, or how it can even recogniza the limits of its

knowledge, are largely unanswered.

Explanation. As we have mentioned, one of the most important features of MYCIN is its ability to
provide explanations of the program's behavior. MYCIN's explanations are given in tarms of its goals
and its rules, and can be very illuminating. However, when asiced the same question, the expert who
provided those rules might give a very different explanation in terms of physiological mechanisms or
disease processes. The desire to provide such causal explanations is another motivation for empioying

mulitiple levels of representation.

Another characteristic of effective human consultants is that their explanations are adjusted to

satisfy the perceived needs of questioners. For a program to respond similarly, it must maintain a model

"




of the user, an assessment of what the user does and does not know, and what he or she is trying to
accompiish (29). However, medels of users will have to be more sophisticated before they solve more

problems than they cause.

Ultimate Limitations. Expert systems are frequently presented as surrogate consultants, programs
one can turn to for advice when the need arises just as one would turn to a human consultant. While
this is a reasonable metaphor, if it is taken too literally it leads to the conclusion that success will not be
achieved until all the problems of artificial intelligence have been sclved, e.g., the program must not
only be able to reason at expert human levels, but it must also be able to converse in idiomatic natural
language, perceive cvidence directly, and possess that breadth of l'mowledge that is called common

sense.

This is a needlessly pessimistic conclusion. The goal of expert systems research is to provide
tools that exploit new ways to encode and use knowledge to solve problerns, not to duplicate intelligent
human behavior in all of its aspects. The challenge at this stage of expert systems development is
therefore to constrain the problems addressed in realistic ways to allow useful solutions to real-world

problems.

Commentary

The field of expert systems is one of the most active and exciting areas of applied research in
artificial intelligence. As we have outlined, the work of the last decade has shown that programs that
can-operate at or near the levels of human experts are feasible; several have tcen demonstrated to be
capable of such performance in carefully selected, well-specified domains. As a result, the field is

beginning to undergo the transition from an area of basic research to an application activity.

The current technology seems hkcst suited to diagnosis or classification problems whose
solutions depend primarily on the possession of a large amount of specialized factual and empirical
knowledge. However, progress has also been made on synthetic problems such as planning and
design. Successes in these areas not only point to the potentia! of the fieid but also help define the
most important topics for ongoing basic research: tha limitations of current exnert systems have
exposed unsolved problems in such basic areas as “nowledge repiesentation, inference, perception
and 'earning. Progress in solving these fundamental problems will lead to significant advances in the

capabilities of expert systems.
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The success of expert systems research is disclosing additional new problems, many of which are
sociological. Commercial and industrial interest, stimulated by perhaps unr2alistic expectations about
the power of currently understood artificial intelligence techniques, has created a shortage of
appropriately trained and motivated professionals. The standard prob!ems of transforming a concept
into a commercial product are further complicated by the lack of any tradition in producing applications

of Al research.

The greatest.contributions of expert systems research may well go beyond the development of
high performance functioning programs. Equally as important is the field's impact on the
systematization and codification of knowledge previously thought unsuited for formal organization. In
the knowledge intensive world of the present and future, improved approaches to understanding and
managing formalized knowledge are certain to be of importance to a variety of scientitic and economic

endeavors.
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Simon, Artiticial Intelligence, 4, 181 (1973); H. E. Pople, Jr., in P. Szolovits, Ed., (op. cit.);

.and M. Stefik and L. Conway, The Al Magazine 3, 4 (1982).
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of the geologists who collaboratéd on the uroject (R. Duda, J. Gaschnig, and P. Hart, in
D. Michie, Ed., Expert Systems in the Microelectronic Age (Edinburgh University Press,
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EMYCIN systems (R. Davis and D.B. Lenat, Knowledge-Based Systems in Artilicial

18




24,

25.

27.

Intelligence (McGraw-Hill, New York, 1982)) and SEEK for a system-building program
called EXPERT (P. Politakis and S. M. Weiss, Proc. 15th Hawaii International Conference

on Systems Sciences, 649 (1982)).

Knowledge representation is a core topic for Al research. Several general approaches
have been developed, including logic, rules, semantic networks, and frames. The flexibility
and precision of mathematical logic make it both a useful method and a standard of
comparison for alternative representation schemes. Rules provide a modular and uniform
mechanism that has proved to be popular for both expert systems and psychological
modeling. Semantic network representations simplify certain deductions (such as
inferences through taxonomic relations) by reflecting them directly in a network structure.
Frames generalize this notion, providing structures or frameworks for organizing
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Please enter information about the patient.

1)
2)

3)

4)

5)

Name Age Sex Race
= P21 42 YEARS FEMALE CAUCASIAN

Are there any positive cultures obtained from Pt2197?
NO

Are there any pending cultures of Pt219?

YES

site date stain method of
collected examined? collection
[urine,sputum only]
*s CSF 3-Jun-75 YES N/A

stain of smear morph

[type NOMNE if no organism was seen on the smear)
** NONE

{more questions}

13) Has Pt219 recently had symptoms of persistent headache ~r other

abnormal neurologic symptums (dizziness, lethargy, etc.)?
YES

14) Has Pt219 recently had objective evidence of abnormal neurologic

signs (nuchal rigidity, coma, seizures, etc.) documented by
physician observation or examination?
YES

The CSF cultures will be considered to be associated with MZMINGITIS.

Figure 1
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My therapy recommendations will be designed to treat for organisms that either are very likely or,

although less likely, would have a significant effect on therapy selection if they were present. It is

important to cover for the following probable infection(s) and associated organism(s):

INFECTION-1 is MENINGITIS

+ CITEM-1> MYCOBACTERIUM-TB [from clinical evidence only]
+ .t COCCIDIOIDES [from clinical evidence only]
+ i CRYPTOCOCCUS [from clinical evidence only]

43) Does Pt219 have a clinically significant allergic reaction to any
antimicrobial agent?
e No
[Considering ETHAMBUTAL-AND-INH-AND-RIFAMPIN
for use against INFECTION-1...]
44) Is Pt219 pregnant or breast feeding?
LR ] NO
45) Do you have reason to suspect that Pt219 may have impaired renal
function?
LR No
46) Pt219's weight in kilograms (or <number) POUNDS) :
e 81.3

[REC-1] My preferred therapy recommendation is as follows:
Give the following in combination:
1) ETHAMBUTAL
Dose: 1.28g (13.0 100mg-tablets) q24h PO for 60 days
[calculated on basis of 25 mg/kg]
then 770 mg (7.5 100mg-tablets) q24h PO
[calculated on basis of 15 mg/kg]
[The dose should be modified in renal failure.
I can adjust the dose only if a creatinine clearanca
or a serum creatinine is obtained.]
Comments: Periodic vision screening tests are recommended
for optic neuritis.

2) INH
Dose: 513 mg (5.0 100mg-tahlets) q24h PO
[calculated on basis of 10 mg/kg]

3) RIFAMPIN
Dose: 600 mg PO q24h
Comments: Administer dose on an empty stomach

Although I suspect that fungus may be a possible pathogen, in the
absence of definitive evidence, I will not recommend antifungal
therapy at this time. Please obtain samples for fungal, TB, and
viral cultures, cytology, VDRL (blood and CSF), coccidioides
complcment-fixation (blood and C3F), cryptococcal antigen

(biood and CSF), viral titers (blood and CSF). An infectious
disease consult may be advisable.

Figure 2




34) Is the meningitis a hospital-acquired infection?

2 “0

35) Is Pt219's clinical history.consistent with EPIGLOTTITIS?

L) “o

36) Is Pt219's clinical history consistent with OTITIS-MEDIA?

.. No .

37) Has the patient ever been to an area that is endemic for
coccidiomycoses?

** UNKNOWN

38) Is Pt219 a burn patient?

** WHY

[i.e. WHY is it important to determine whether PATIENT-219 has been
seriously burned?]

[4.0] This will aid in determining the organisms (other than those
seéen on cultures or smears) which might be causing the infection,

It has already been established that
[4.1] the infection which requires therapy is meningitis, and
[4.2] organisms were not seen on the stain of the pending csf

culture (CULTURE-1), and

[4.3] the type of the infection may be bacterial

Therefore, if
[4.4] Pt-219 has been seriously burned

then
there is suggestive evidence that Pseudomonas-aeruginosa is one
of the organisms (other than those seen on cultures or smears)
which might be causing the infection

Author: Yu

[RULES578]

[back to question 38...]
** HOW 4.3

[i.e. HOW was it established that the type of the infection may be
bacterial?]

The following rules concluded about: the likelihood that the type
of the infection may be bacterial

Rule Yes No
[4.5] RULES00 (.4)
[4.6] RULESO01 {.17)
[4.7] RULES02 {.1)
[4.8] RULES524 (.42)
[4.9] RULES04 (.28)

Thus. it has been established that the type of the infection may be
bacterial,

Figure 3
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Table 1

Expert System Domain Formal Evaluation Routine Use Note

DENDRAL mass spectroscopy case studies yes (14)
interpretation

MYCIN antimicrobial randomized trials: no (10)
therapy bacteremia/meningitis

INTERNIST-1 internal medicine case studies no (15)
diagnosis

CASNET glaucoma assess- case studies no (16)
ment and therapy

PROSPECTOR geological case studies and no (17)
exploration randomized trials

R1 computer layout case studies yes (18)
and configuration

Digitalis digitalis dosing randomized trials no (19)

Advisor advice

PUFF pulmonary function randomized trials yes (20)
test interpretation

Microprocessor Protein Electrophor- case studies yes (21)

EXPERT esis interpretation

HASP/SIAP Ocean surveillance case studies no (22)

(signal processing)
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Legends to Figures

Figure 1. A Sample MYCIN Consultation This is an excerpt from a consultation session with the
MYCIN medical diagnusis program. MYCIN assumes that the user is a physician who wants to
determine the most effective combination of antibiotics to treat an infection, and that the organisms
causing the infection may not be known. In attempting to apply rules to solve the problem, the program
asks questions to obtain the needed information. For example, at Questions 4 and 5 the program is told
that a culture was obtained from the cerebrospinal fluid (CSF), but that no organisms were seen. After
asking 14 questions, the program decides that the infection is probably meningitis, and turns to the

problem of identifying the likely organism or organisms.

Figure 2. MYCIN's Therapy Advice After completing the diagnosis pt..se, MYCIN determines a
combination of antibiotics that will cover for the suspected organisms. The program also suggests
alternative therapies, and allows the user to enter a query mode to probe the reasors for these

cenclusicns.

Figure 3. Explanation Features This excerpt from the MYCIN run illustrates some of the
explanation facilities provided by the program. At Question 38, MYCIN asks if the patient has been
seriously burned. Instead of answering, the user asks why this particular question is being asked. In
response, the program states both the goal of the question and the rule it was attempting to apply. This
explanation leads the user to wonder how MYCIN established that the infaction might be bacterial: in
response to the "HCW" command, thev program lists the five rules that it applied, four of which

supported this conclusion. This ability to inspect the program’s reasoning methods provides the user

with a firmer basis for understanding the final conclusions.
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