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Efforts to represent knowledge effectively have been central to
progress in various aspects of medical informatics. These efforts range
from relatively simple “electronic textbooks” to fairly sophisticated
knowledge-based systems, which function as well as, or even better
than, human experts faced with similar problems. Knowledge bases
have been developed in many fields, but the relatively limited
domains and structured language of medicine, as well as the
importance of information in the provision of good medical care,
have made research in medical knowledge representation an area of
intense activity. This paper reviews representative knowledge bases
and knowledge-based systems in medicine: electronic textbooks such
as PDQ* and the Hepatitis Knowledge Base (HKB), rule-based
systems such as MYCIN, causal models (e.g., CASNET), and
hypothesis- or frame-based systems, exemplified by PIP and
INTERNIST-1. The paper describes the relationships among divergent
approaches and provides a sense of current and future trends. It
examines problems in knowledge-based systems, particularly in
knowledge representation and acquisition, and the responses to these
challenges. The latter include the use of domain-independent
software shells for constructing knowledge bases, the adaptation and
use of previously existing knowledge bases, and multiple uses of the

same knowledge base for different purposes.

The information explosion in science has resulted in
multiple efforts to control the increasingly massive
continuum of data/information/knowledge. This is
particularly true in the field of medicine. The ability
of computers to manipulate large sets of symbols has
encouraged developments in information retrieval,
hospital records management, computer-assisted in-
struction, computer-assisted decision making, and ex-
pert systems. While these systems differ in their pur-
poses and goals, as well as the techniques used to
achieve those aims, a common requirement is the
need to access a large base of information or knowl-
edge, however knowledge may be defined.

The concept of the knowledge base plays a central
role in these diverse efforts to exert control over the
information environment. This parallels an impor-
tant shift in artificial intelligence (AI) research. Early
Al efforts focused on the search for procedures that
could be combined to make intelligent programs. More
recently, Goldstein and Papert asserted that “the fun-
damental problem of understanding intelligence is

* PDQ is a registered trademark of the National Cancer Institute.
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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” [1].

Efforts to represent knowledge effectively have been
central to progress in various aspects of medical in-
formatics. These efforts range from relatively simple
“electronic textbooks” to fairly sophisticated expert
systems, which function as well as, or even better
than, human experts faced with similar problems.
Knowledge bases have been developed in many fields,
but the relatively limited domains and structured lan-
guage of medicine, as well as the importance of
knowledge in the provision of good medical care,
have made research in medical knowledge represen-
tation an area of intense activity. This paper discusses
representative knowledge bases in medicine in order
to provide an understanding of the nature of the field,
the relationships among divergent approaches, and
a sense of current and future trends. Particular atten-
tion is given to consideration of the problems asso-
ciated with various knowledge bases and the impact
of such problems on the direction of research efforts.
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Since the field is extensive and prototypes have pro-
liferated, well-established systems or large-scale proj-
ects are emphasized over smaller projects in the initial
development stages, except as the latter illustrate new
trends and responses to problems. No attempt is made
to be comprehensive.

Knowledge bases have been developed in many
fields, but the relatively limited domains and struc-
tured language of medicine, as well as the impor-
tance of knowledge in the provision of good medical
care, have made research in medical knowledge rep-
resentation an area of intense activity.

edge and to make information passively available for
the practitioner’s use “as appropriate for the partic-
ular combination of patient, illness, setting, and other
circumstances confronted” [3]. While multiple deriv-
ative products and services were envisioned for HKB,
its use as an active medical consultant was not sug-
gested.

Clinicians depend in large part on memory to assist
in retrieving knowledge relevant to the case of a
particular patient, but their personal knowledge
base cannot be static; clinicians must also stay abreast
of recent developments in medicine.

ELECTRONIC TEXTBOOKS

Despite the successes of automated literature retrieval
through systems such as MEDLARSH, it has long been
recognized that an important drawback to the effec-
tive use of medical information is the need to sift
through vast amounts of possibly irrelevant or un-
reliable material in order to obtain and use needed
information. The practice of medicine depends on the
application of large stores of knowledge, much of it
learned in medical school and in clinical training, but
much also absorbed through a process of lifetime
learning. Clinicians depend in large part on memory
to assist in retrieving knowledge relevant to the case
of a particular patient, but their personal knowledge
base cannot be static; clinicians must also stay abreast
of recent developments in medicine.

The problems associated with the information ex-
plosion and the transmission of information were
carefully examined by Bernstein et al. in a paper that
presented a useful framework for consideration of
the potential importance of an artificial knowledge
base [2]. The main portion of their paper was a de-
tailed description of a prototype information-transfer
system developed by the National Library of Medi-
cine (NLM). The Hepatitis Knowledge Base (HKB)
was an effort to assemble a comprehensive collection
of current but previously published information re-
flecting the consensus of experts. This information
could be accessed online and updated regularly. Bern-
stein and his colleagues discussed the construction of
the knowledge base through the use of review articles
as quality filters; the methods, including computer
conferencing, for developing consensus among a
panel of experts; and approaches used for updating
the system. The knowledge base in this case was in-
tended to synthesize and disseminate existing knowl-

1+ MEDLARS is a registered trademark of the National Library of
Medicine.
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HKB was not extended past the prototype stage,
but a very similar product from the National Cancer
Institute used many of the same principles in pro-
moting diffusion of information concerning cancer
treatment. Like HKB, the Physician Data Query (PDQ)
system was assembled by a panel of experts, but con-
tinues to be updated regularly, and is available online
through a number of vendors [4]. Both systems might
be considered to be examples of “electronic text-
books,” providing the same sort of authoritative in-
formation found in standard medical textbooks, but
in a very different and more current format. Although
the content may not be radically different from tra-
ditional print sources, the electronic format permits
timeliness, ongoing modification, and expansion of
features and coverage; it also makes possible a very
different type of access and use. Unlike HKB, PDQ
does not rely solely on previously published material,
but provides access to investigational protocols and
research in progress. System flexibility has allowed
the developers of PDQ to incorporate additional fea-
tures over time, such as the abstracts of selected cited
references and strategies for searching related biblio-
graphic databases.

Very few studies have been published evaluating
the use of PDQ by physicians. However, the system
has been widely available for direct menu-driven ac-
cess by physicians through several online vendors
(NLM, BRS, MEDIS, TELMED) for a number of years,
as well as indirectly through local cancer information
services and libraries. It is also available from a num-
ber of vendors in CD-ROM format. An organizational
meeting of a PDQ User Group at the 1988 meeting of
the Medical Library Association (MLA) drew a large
crowd of interested attendees, while the mailing list
of the newly instituted PDQ User Group Letter num-
bers over 200 [5]. PDQ has clearly advanced far be-
yond the prototype phase.

Both PDQ and the HKB were designed to collect,
screen, and repackage relevant, current, and accurate
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information for delivery upon request, but the prac-
tical difficulties of such a project can be daunting.
Bernstein et al. commented that

were additional knowledge bases to be developed, only
those disease areas should be selected in which there is
high morbidity and mortality, large numbers of physician-
patient contacts, high costs of medical care, and large num-
bers of research publications that make difficult the effective
and efficient synthesis of new information for physician-
practitioners [6].

It is not surprising that some recent commercially
available electronic textbooks (e.g., AIDS Knowledge
Base) are also concerned with diseases, like Acquired
Immunodeficiency Syndrome, that meet such criteria.
Still other electronic textbooks are merely the online
equivalents of standard print sources, such as Merck
Index [7] or Martindale’s Extra Pharmacopeia [8]. Ad-
vances in information technology and resulting
changes in publishing practices, however, have made
the creation and maintenance of electronic textbooks
far more efficient and effective than might have been
envisioned even a short time ago. These changes are
making the electronic textbook an increasingly com-
mon type of knowledge base. Online availability per-
mits more regular updating so that recent research
can be incorporated in a manner not readily possible
with a printed source. As a result, electronic textbooks
can be as selective as their print counterparts, but can
provide more current information than would be pos-
sible in a standard printed work.

Still other changes are related to medium. The in-
creasing popularity of CD-ROM technology is further
expanding the potential of electronic textbooks. A
number of knowledge bases available through online
vendors, such as BRS or NLM, are now also produced
in CD-ROM format, frequently in combination with
other products. The quarterly “Compact Library:
AIDS”§ produced by the Massachusetts Medical So-
ciety’s Medical Publishing Group includes the AIDS
Knowledge Base, an AIDS subset of the bibliographic
data in MEDLINE, and the full text of many of the
cited journal references. Lippincott’s “OncoDisc”**
includes a CD-ROM version of PDQ and NLM’s bib-
liographic file CANCERLIT{t, as well as the full text
of a number of print oncology textbooks. Still other
products sidestep online access altogether, moving
directly from print to CD-ROM availability. One such
example is Little Brown’s “MAXX: Maximum Access
to Diagnosis and Therapy,” an interactive electronic
library of some fifteen handbooks and manuals in

§ Compact Library: AIDS is a registered trademark of the Massa-
chusetts Medical Society.

** Oncodisc is a registered trademark of J. B. Lippincott Company.
++ CANCERLIT is a registered trademark of the National Library
of Medicine.
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clinical medicine. While most such products are up-
dated only quarterly and may not contain any more
current information than their print counterparts, the
potential for innovative approaches to accessing the
information is impressive. Separate knowledge bases
may be searched concurrently, linked in a hypertext
mode, or displayed simultaneously on screen. Graph-
ics capabilities are also improving dramatically. One
anticipates that high-quality illustrations will soon
become a common feature in CD-ROM electronic
textbook products.

While the aims of electronic textbooks, whether
online or CD-ROM-based, are more limited than those
of knowledge-base projects dealing with decision
support, their importance lies in demonstrating the
feasibility of the creation of large-scale, regularly up-
dated knowledge bases:

The knowledge-base program principle is that a centrally
coordinated process using outside content experts can per-
form the difficult, laborious, expensive, technical, and in-
tellectual tasks needed to assemble a knowledge base. Once
assembled, it has the potential to be easily, inexpensively,
and widely exploited to serve the information needs of very
large numbers of users [9].

Clearly, the PDQ knowledge base and similar systems
in the commercial sector are convincing demonstra-
tions of the workability of this concept. Knowledge-
based systems, a more ambitious effort, also use a
knowledge base component, but are explicitly de-
signed with ultimate use in mind.

KNOWLEDGE-BASED SYSTEMS

Knowledge-based or expert systems are computer
programs designed to solve problems, generate new
information (such as a diagnosis), or provide advice,
using a knowledge base and an inference mechanism.
Most systems include a user interface and some ex-
planation capability as well. Davis characterized
knowledge-based systems as focusing “on the accu-
mulation, representation, and use of knowledge spe-
cific to a particular task,” but addressed the expanded
views of such systems made possible by “the ability
to use the same knowledge in several different ways”
[10], much as was envisioned by the creators of HKB.
The potential and problems associated with multiple
users of the same knowledge base are discussed fur-
ther in a later section.

Duda and Shortliffe differentiated between
“knowledge-based systems” and “expert systems,”
commenting that for many applications there may
not be any uniquely qualified human experts, so that
it is inappropriate to speak of the development of
programs approximating the level of experts. They
defined

273



—
Perry

a knowledge-based system as an Al program whose per-
formance depends more on the explicit presence of a large
body of knowledge than on the possession of ingenious
computational procedures; by expert system we mean a
knowledge-based system whose performance is intended
to rival that of human experts [11].

In all cases, knowledge-based systems are considered
to be distinct from programs based primarily on
mathematical models, statistical techniques, or pat-
tern matching, although some knowledge-based sys-
tems may incorporate statistical components along
with knowledge bases in an effort to account for un-
certainty [12-16]. The knowledge base is clearly the
critical and distinguishing element characterizing
these decision-support systems.

Knowledge-based or expert systems are computer
programs designed to solve problems, generate new
information (such as a diagnosis), or provide advice,
using a knowledge base and an inference mecha-
nism. Most systems include a user interface and
some explanation capability as well.

Knowledge-based systems have a far more ambi-
tious agenda than simply to gather information to-
gether for convenient access. In the domain of med-
icine, programs have been developed to assist with
differential diagnosis, suggest particular therapeutic
interventions, critique a physician’s plan for the treat-
ment of disease, or tutor medical students. Depending
on the area of specialization and purpose, different
methods of knowledge representation have been
deemed appropriate.

Knowledge representation

A variety of different types of knowledge need to be
represented in a knowledge-based system. A common
distinction is between “what to know” and “what to
do,” embodied in the knowledge base and the infer-
ence mechanism respectively, although in some ap-
proaches this line may be blurred [17]. The knowl-
edge base itself can encompass knowledge about facts
or relationships drawn from the analysis of data, the-
oretical concepts, common sense, or world knowl-
edge—in addition to knowledge about solving the
specific problem at hand; it may involve heuristics,
or “rules-of-thumb” based on experience, as well as
expert judgement [18-19]. This expert knowledge has
been represented with a variety of schemes: produc-
tion rules [20], causal-associational networks [21], and
“frames” of closely related facts [22-23].
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Rule-based systems

One of the best known knowledge-based systems is
MYCIN, which employs a rule-based method of
knowledge representation to assist in the identifica-
tion of disease-causing microorganisms and then to
advise physician-users concerning appropriate anti-
microbial therapy [24-25). MYCIN encodes its knowl-
edge in approximately 500 rules based on an IF-THEN
structure. It permits the user to ask why or how a
given decision was determined and provides a mech-
anism for explanation. At least three evaluation stud-
ies of MYCIN have been conducted, resulting in per-
formance approval ratings of just under 75% when
compared with experts [26]. More importantly, work
on evaluation has provided insight into ways to im-
prove and enhance the system.

A domain-independent version of MYCIN, called
EMYCIN, has permitted development of similarly
structured knowledge-based systems in other subject
areas both inside and outside of medicine. Examples
of systems developed using EMYCIN include BLUE-
BOX and HEADMED, two psychopharmacology ad-
visers [27-28], and PUFF, a program that diagnoses
lung diseases [29]. ONCOCIN§$, another MYCIN de-
scendant, assists oncologists with the treatment of
cancer patients as part of the routine patient data-
management process. ONCOCIN is based on EMY-
CIN but incorporates changes designed to improve
the user interface and speed of interaction [30-31].

Largely due to the success of MYCIN, rule-based
systems continue to evolve. The prevalence of rule-
based systems reflects Brooks’ observation concern-
ing the ease of developing new programs given the
existence of a system with related aims.

If an expert system exists in a similar domain, then the
new system can draw on the expertise and skills acquired
during the development of the earlier one: the knowledge
representation used, methods of inference and control, and
overall architecture [32].

Clearly, it is easier to adapt existing frameworks than
to begin the process entirely from the beginning. At
the same time, many system developers have found
a rule-based approach to be suitable. Brooks and Hei-
ser reviewed the advantages of rule-based systems
over other systems, including ease of updating
through the inclusion of additional rules and ability
to respond to the availability of new data [33]. Others,
however, have commented that authors of new rules
must anticipate the ways in which additions will in-
teract with previously existing rules, and that this
may be quite difficult [34]. Brooks and Heiser also

§§ ONCOCIN is a registered trademark of the Board of Trustees
of Leland Stanford, Jr., University.
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commented on the appropriateness of rule-based sys-
tems to domains, such as clinical psychopharmacol-
ogy, which lack deep theories as to the mechanism
of disease. This does not mean, however, that other
schemes of knowledge representation have been un-
successful.

Causal models

A causal-associational network (CASNET) model is
considered to be an appropriate vehicle for repre-
senting knowledge in areas such as glaucoma, where
the causal model of disease is well understood [35-
36]. The CASNET model is a particular type of se-
mantic net, a knowledge structure consisting of “nodes
to represent the concepts, events, characteristics, and
values of interest in a system, as well as branches
specifying the relationships between nodes” [37]. In
the CASNET approach, three levels of description—
such as observation, pathophysiological state, and
disease category—are used to formulate recommen-
dations for treatment.

A physician hypothesizes as to what may be the
nature of a particular illness based on the presence
of specific symptoms and prescribes treatment based
on what has worked for that diagnosis in the past.
The physician then evaluates the success of the
diagnosis based on the reaction to therapy.

As observations are recorded, they are associated with the
appropriate states. States are causally related, forming a
network that summarizes the mechanisms of disease. Pat-
terns of states in the network are linked to individual dis-
ease classifications [38].

Treatment is then recommended based on both the
broad disease classification and the specific patient
observations.

The CASNET glaucoma consultation model has
performed well in evaluations by independent groups
of ophthalmologists. Experience with its use showed
that

although we could indeed arrive at a correct set of diag-
nostic and prognostic conclusions on the basis of strictly
causal reasoning, there was need for a more flexible and
general scheme of reasoning that would permit the intro-
duction of empirical knowledge where knowledge of dis-
ease mechanisms is absent [39].

CASNET has thus been extended and generalized to
form the system-building software EXPERT, which
can incorporate empirical knowledge along with
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causal reasoning. AI/RHEUM, a consultation tool de-
veloped using EXPERT, has been evaluated exten-
sively for diagnostic accuracy. In a comparison with
the diagnoses of Japanese rheumatologists, the pro-
gram was in full or partial agreement with Japanese
decisions in over 90% of the fifty-nine cases evaluated
[40]. Despite its CASNET/EXPERT ancestry, Al/
RHEUM is essentially a rule-based system and illus-
trates the increasing tendency of developers of
knowledge-based systems to use converging ap-
proaches.

Hypothesis-based systems

Still other system developers seek to approximate the
reasoning processes physicians engage in when mak-
ing medical decisions. Bouckaert commented that
medical decision making is very similar to scientific
hypothesis-making and testing [41]. A physician hy-
pothesizes as to what may be the nature of a particular
illness based on the presence of specific symptoms
and prescribes treatment based on what has worked
for that diagnosis in the past. The physician then
evaluates the success of the diagnosis based on the
reaction to therapy. Failure to respond requires a
reexamination of the initial hypothesis, additional
data gathering, and the formation of new hypotheses.
The developers of the Present Illness Program (PIP)
used just such a conceptual approach in designing a
program for diagnosis of edema. Knowledge in PIP
is organized into packets of related information called
frames. “Within each frame is a rich knowledge struc-
ture which includes prototypical findings (signs,
symptoms, laboratory data), the time course of the
given illness, and rules for judging how closely a
given patient might ‘match’ the disease or state which
the frame describes” [42]. Frames are further orga-
nized into networks, and include not only informa-
tion on approximately twenty different diseases, but
commonsense knowledge as well. The program com-
bines patient-specific knowledge with the knowledge
base in order to develop and test hypotheses in an
iterative process. If an hypothesis does not fit, addi-
tional information is then sought. Members of the
research group have used a similar approach in de-
signing a program to determine appropriate dosages
of digitalis [43] and in creating ABEL, a program for
the management of acid-base and electrolyte distur-
bances [44].

Most of the systems described thus far have dealt
with discrete subject areas: antimicrobial therapy, the
diagnosis of glaucoma, or the management of elec-
trolyte disorders. Given the difficulties of represent-
ing “large amounts of knowledge in ways that still
allow the effective use of individual facts” [45], most
knowledge bases have dealt with limited task do-
mains. INTERNIST-1, however, is an hypothesis-based
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system using a knowledge base encompassing all of
internal medicine. Like PIP and ABEL, INTERNIST-1
represents an effort to model the decision-making
behavior of physicians, but its reach is far wider than
most knowledge-based systems [46]. As of June 1986,
the INTERNIST-1 knowledge base contained 572 di-
agnoses and recognized over 4,000 patient observa-
tions [47].

INTERNIST-1 has been extensively evaluated us-
ing published clinicopathological conferences
(CPCs—case records of the Massachusetts General
Hospital), and has made correct diagnoses for 65% to
75% of the test cases within its scope. The program
has been continually modified based on this feedback,
with subsequent generations of the system titled IN-
TERNIST-1/CADUCEUS and INTERNIST-1/QUICK
MEDICAL REFERENCE (QMR). QMR***, a micro-
computer-based version of INTERNIST-1, is designed
for practical use by the clinician and corrects many
of the perceived deficiencies, such as overlong inter-
actions, which inhibited regular use of prior versions
of the system.

PROBLEMS AND RESPONSES TO PROBLEMS IN
KNOWLEDGE-BASED SYSTEMS

Problems with knowledge representation schemes

The testing and evaluation of the hypothesis-based
INTERNIST-1 in its various forms revealed a number
of problems about which its creators have written
extensively. They discussed its inadequate represen-
tation of pathophysiologic causality, inability to con-
sider the interdependence of manifestations or de-
grees of severity of findings and diseases, and lack of
temporal and anatomical reasoning [48-50]. Of these
problems, the most serious is considered to be its
occasional inability to attribute findings to their prop-
er causes.

The importance of an explanation capability is as-
sumed by numerous knowledge base developers, who
anticipate that physicians will be unlikely to accept
blindly decisions they cannot systematically follow
and understand [51-53]. This assumption is supported
by a survey of physicians’ attitudes toward com-
puters, which found that a program’s ability to ex-
plain diagnostic and treatment decisions to physician
users is considered to be its most important attribute
[54]. Erdman cautioned that the availability of expla-
nations may lead not only to increased system accep-
tance, but also to increased confidence in potentially
erroneous judgements. His study, which yielded a
limited number of significant results, is based on a
nonrandom sample of only forty-eight physicians; he
makes a useful point in asserting that the benefits of

*** QMR is a registered trademark of the University of Pittsburgh.
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explanation must be demonstrated and not just as-
sumed [55].

User level may be an important factor in deciding
how knowledge is to be represented. Research in
the adaptation of knowledge bases for pedagogical
purposes has, in fact, found that different uses may
substantially affect the way a knowledge base must
be structured.

Unlike INTERNIST-1, the rule-based MYCIN “was
not intended to simulate human problem solving in
any formal way” [56], although “it was among the
first systems to emphasize the importance of expla-
nation capabilities in medical decision-support tools”
[57]. Explanation in MYCIN consists of its ability to
respond to a question of why or how a current rule
has been invoked or additional information sought,
with the premises and action of the rule itself. In this
way, MYCIN can reconstruct its reasoning process in
arriving at a decision. Fieschi and Joubert commented
that, at times, this can yield only a superficial expla-
nation of decisions, since many rules in MYCIN con-
sist largely of heuristics and do not involve a deeper
understanding of the disease. In some cases, empirical
or associational knowledge may be all that is avail-
able; a system cannot embody causal knowledge if
none exists [58]. At other times, however, there may
be a deeper explanation behind a rule that has not
been specifically encoded for the sake of efficiency.
Experienced clinicians may not need such detailed
explanation, but it may be critical for the understand-
ing of novices. Thus, the user level may be an im-
portant factor in deciding how knowledge is to be
represented. Research in the adaptation of knowledge
bases for pedagogical purposes has, in fact, found that
different uses may substantially affect the way a
knowledge base must be structured [59].

Another criticism of rule-based systems is that the
order in which rules are invoked may be important
[60-61]. The ordering of rules may implicitly affect
their meaning and interaction, and yet this may not
be made clear to a user seeking explanation. In other
cases, the order may not be important, but an inflex-
ible system may assert that a different approach is
incorrect if the system was programmed to process
the rules in a particular order. Rules also may be
confusing when examined as part of an explanation, -
since they are used both to represent knowledge as
well as to indicate the way that knowledge is to be
used. Lack of consistency in rule structure thus may
interfere with understanding of their function. Fi-
nally, rules depend to some degree on simplifying
assumptions and cannot necessarily handle compli-
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cated manifestations of more than one disease state.
This limits their use to specific domains. The problem
also exists in other knowledge-based systems such as
INTERNIST-1, which “cannot synthesize a general
overview in complicated multisystem problems” [62].

While much of this criticism centers around a lack
of causal explanatory power, a problem with causal-
based systems such as CASNET is that often the
pathophysiology of a particular disease is not well
understood. In such cases the causal approach is not
appropriate. Moreover, Fieschi and Joubert com-
mented that CASNET has been implemented on ap-
plications where illness is progressive and where
symptoms evolve over time, while early symptoms
remain. Such an approach might be less successful
with illnesses that do not follow such a characteristic
course. It has already been mentioned that EXPERT,
CASNET'’s descendant, has been modified to incor-
porate empirical findings along with a causal model
so that performance and generality can be enhanced.
This multifaceted approach has been adopted by re-
searchers throughout the field.

Responses to problems of knowledge
representation

Much of medical practice is grounded in empirical
knowledge: what works or doesn’t work in treating
illness. This knowledge may constitute merely an
awareness of the significance of an association of par-
ticular signs and symptoms, or it may be based on an
understanding of the underlying mechanism of dis-
ease. Aikins comments that “much of artificial intel-
ligence research has focused on determining the ap-
propriate knowledge representations to use in order
to achieve high performance from knowledge-based
systems.” She believes that there are numerous ad-
vantages to using “both framelike structures and rules
to solve problems in knowledge-intensive domains”
[63]. Aikins described CENTAUR, a descendant of the
rule-based system PUFF, which used a combination
of frames and rules to overcome problems associated
with PUFF. A combination of techniques permitted
designers to separate rules concerning expertise from
instructions concerned with computation. This en-
couraged explicit representation of knowledge in data
structures called prototypes. CENTAUR is still in the
developmental stage, but is an example of efforts to
compensate for perceived deficiencies of a strictly rule-
based structure. One goal is presumably to enhance
understanding of the process by which decisions are
made. Such understanding can be as important to the
effectiveness of knowledge-based systems as is high
performance, as has already been mentioned.

Wallis and Shortliffe reported on efforts to model
different types of users and to create explanation
functions appropriate to different user levels [64]. They
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used a semantic network conceptualization of knowl-
edge representation for this prototype, although their
previous work had been largely in MYCIN and sim-
ilar rule-based systems. Like Aikins’ incorporation of
frames with rules, and EXPERT’s use of empirical
along with causal knowledge, this work by Wallis
and Shortliffe illustrates the trend towards hetero-
geneous approaches and multiple levels of represen-
tation in the development of new knowledge-based
systems. Such flexibility in design can be used to
correct for specific problems and to increase a system’s
adaptability. Like human experts, the ability of
knowledge-based systems to use one approach in some
situations and an alternative, possibly more complex,
one in others can improve performance substantially
[65].

Much of medical practice is grounded in empirical
knowledge: what works or doesn’t work in treating
illness. This knowledge may constitute merely an
awareness of the significance of an association of
particular signs and symptoms, or it may be based
on an understanding of the underlying mechanism
of disease.

Knowledge acquisition

Experts agree that knowledge acquisition and veri-
fication are among the most difficult problems con-
nected with the development of knowledge-based
systems [66-69]. Duda and Shortliffe asserted that

the identification and encoding of knowledge is one of the
most complex and arduous tasks encountered in the con-
struction of an expert system. The very attempt to build a
knowledge base often discloses gaps in our understanding
of the subject domain and weaknesses in available repre-
sentation techniques [70].

Construction of knowledge bases for systems like IN-
TERNIST-1 is measured in person-years and frequent-
ly involves large teams of experts. Traditionally, a
knowledge engineer, or expert in the technical as-
pects of a knowledge-based system, works with a hu-
man subject expert or several experts. For knowledge
transfer and organization to be effective, it helps if
each of the two types of experts has some understand-
ing of the other’s domain. Spackman and Connelly
described four major approaches to knowledge ac-
quisition:

1) unstructured interviews with a human expert; 2) obser-
vation of the human expert thinking aloud while solving
a problem ...; 3) interaction with special-purpose com-
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puter programs to debug or modify an existing knowledge
base; and 4) automated construction of a knowledge base
by machine learning programs, which learn from examples
of correctly solved problems. These approaches can be used
separately or in combination [71].

The acquisition of knowledge from human experts is
particularly tedious, while the structuring of the
knowledge obtained becomes more and more difficult
as the domain of the knowledge base is extended.
These difficulties have encouraged efforts to automate
the process as much as is feasible.

The acquisition of knowledge from human experts
is particularly tedious, while the structuring of the
knowledge obtained becomes more and more diffi-
cult as the domain of the knowledge base is ex-
tended.

The increasing availability of domain-independent
“software shells” derived from well-established pro-
grams promises to ease the knowledge acquisition
process in some applications. “These ‘shells’ are es-
sentially functional systems stripped of their knowl-
edge base, and they can be used as ‘knowledge en-
gineering’ tools to develop prototype expert systems”
[72]. Mars and Miller referred to similar programs as
Knowledge Acquisition (KA) and Knowledge Veri-
fication (KV) tools and described a number of ex-
amples [73]. HEADMED and BLUEBOX, which psy-
chopharmacology advisers developed using the
software shell EMYCIN, demonstrate the potential of
such tools to assist in the development of useful
knowledge bases by clinicians in relatively short pe-
riods of time [74-75]. Similarly, EXPERT, a system-
building software program derived from CASNET,
aided in the construction of AI/RHEUM [76].

Software shells are most useful for building small
knowledge-based systems. The domain of a system
such as INTERNIST-1 is so large, however, that it
would be impossible for a small group to develop and
maintain the knowledge base. Instead, the INTERN-
IST-1 project developed its own methods of knowl-
edge base construction, which are not unlike the pro-
cedures used by the HKB project. These involve
literature surveys and consensus building among
project team members, followed by extensive testing
on actual cases, and regular updating and modifica-
tion. The process is extremely labor intensive.

Use of existing knowledge bases

Difficulties involved in constructing knowledge bas-
es are such that efforts have been made to use pre-
viously existing knowledge bases. Systems using such
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ready-made knowledge sources include DXplain{i¥
and RECONSIDER (based on Current Medical Infor-
mation and Terminology—CMIT), as well as Pulmonol-
ogist, which uses the Merck Manual as its knowledge
base [77-79]. Research is also being conducted on the
integration of CMIT with NLM’s MeSH, used in in-
dexing MEDLINE. This should permit the creation of
a richer knowledge base than would be available
through either knowledge collection alone [80]. Ad-
aptations of thesauri for use in knowledge-based sys-
tems show promise in fields where well-structured
vocabularies exist. For many applications where no
such thesauri are available, however, construction of
knowledge bases will remain on unavoidable chal-
lenge.

Multiple uses of knowledge bases

Another approach to increasing the return on the
effort put into knowledge base construction is to use
a knowledge base for more than one purpose. Given
the explanation capabilities of many knowledge-based
systems designed for decision support, their extended
use in teaching students seems like a natural pro-
gression. In practice, adapting decision support sys-
tems for tutoring is more complicated than it seemed.
GUIDON and its successor NEOMYCIN, both based
on the MYCIN knowledge base, for example, have
required substantially more knowledge than what is
contained in MYCIN [81]. MYCIN’s rules are fre-
quently associational and do not explicitly incorpo-
rate causal reasoning in their heuristics. A system
designed to teach students must incorporate such
knowledge directly. Moreover, an effective tutoring
system must also incorporate teaching expertise. One
anticipates that other unplanned uses for a particular
knowledge base will also require additional modifi-
cations for effective use.

Lower-level uses of a knowledge base do permit
direct use without necessary adaptations, however.
INTERNIST-1/QMR can be used as an information
retrieval tool or “electronic textbook” in much the
same manner as PDQ or HKB [82]. Schwartz et al., for
example, commented that

the enormous database of INTERNIST may provide a con-
siderable advantage over textbooks to the physician who is
searching for facts about a particular illness. ... The IN-
TERNIST database has the advantage ... of including nu-
merical information on the frequency of findings and on
the diagnostic importance of each finding [83].

These authors also see value in using knowledge-
based systems for less ambitious goals than perhaps

11+ DXplain is a registered trademark of the Massachusetts General
Hospital.
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originally intended, as, for example, to critique di-
agnostic hypotheses or plans for treatment.

Additional problems with knowledge-based
systems

Schwartz et al. see numerous problems with knowl-
edge-based systems in medicine and feel that “we
have not reached the point at which artificial-intel-
ligence programs can act as reliable consultants on a
wide range of problems” [84]. It is certainly true that
these systems have not achieved widespread use, with
few exceptions. Shortliffe reported that by 1985 only
three medical expert systems, including PUFF and
ONCOCIN, were being used routinely in clinical set-
tings [85]. Given the ongoing nature of research on
these systems, one wonders how routine their use has
been. RECONSIDER has recently been made avail-
able for student use at Georgetown University as part
of their Integrated Academic Information Manage-
ment System, but it is yet too early to evaluate the
degree of use [86].

A number of reminder systems based on patient
record databases have been reasonably successful, but
one could argue that these are less knowledge-based
systems than they are management information sys-
tems. Health Evaluation Through Logical Processing
(HELP) has been operational at the LDS Hospital in
Salt Lake City for fifteen years, where it provides
surveillance alerts for patients with hospital-acquired
infections and antibiotic use [87]. A computerized
medical record system (CARE) at the Regenstrief In-
stitute for Health Care in Indiana generates re-
minders to physicians of patient conditions needing
attention [88]. COSTARS§§S, a computer-based medi-
cal information system at Massachusetts General Hos-
pital, also provides feedback to physicians concerning
deficiencies in patient care [89]. It is no doubt relevant
to their success that all three of these reminder sys-
tems are integrated into the normal routine of hos-
pital operations.

Lack of use of knowledge-based systems is related
not only to problems with explanation and knowl-
edge representation, but also to ease of access, the
nature of the user interface, and the time-consuming
nature of interactions with many systems. Computer
literacy, or its lack, is another important factor. A
number of authors have argued that unless use of a
knowledge base becomes part of regular working pro-
cedures, use will be negligible [90-91]. Implemen-
tation of several systems on personal computers may
help to counteract access problems. Tsuji and Shor-
tliffe anticipated that the development of touch
screens and graphic interfaces, such as those pop-
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ularized by the Macintosh computer, may ease diffi-
culties related to health professionals’ lack of typing
experience [92]. Younger physicians, increasingly ex-
posed to computer applications in medical school,
may also be more accepting of innovations. While all
these developments are undoubtedly important, it
may also be time to revise the goals for knowledge-
based systems.

Schwartz, Miller, and their respective colleagues
made a good case for trying to accomplish more with
less [93-94]. This may be important for both technical
and psychological reasons. Knowledge-based systems
have not been nearly as successful, from a technical
standpoint, in their role of providing expert advice
to health professionals as had been hoped. But psy-
chological factors are also important. Controversy ex-
ists over the possible displacement of physicians by
expert systems, a controversy reminiscent of similar
fears by librarians with the coming of end-user
searching. Recent knowledge-based systems attempt
to take a less directive role than did early prototypes,
while still providing physicians with appropriate de-
cision support. Some, like QMR, are also more flexible
in their ability to provide more or less advice to phy-
sicians, as desired.

Knowledge-based systems have not been nearly as
successful, from a technical standpoint, in their role
of providing expert advice to health professionals
as had been hoped.

Miller’'s QMR is a modification of INTERNIST, the
aim of which is ““to meet the practical needs of clinical
medicine” [95]. QMR is implemented using an IBM
compatible PC/AT and can function at varying levels
of sophistication, as already mentioned. P. L. Miller
has developed a system, ESSENTIAL-ATTENDING,
that critiques a plan for patient care, rather than ad-
vising the user as to what to do [96]. Yet another
system, RECONSIDER, provides a list of differential
diagnoses for a physician’s consideration [97]. It is
one of the few programs that has undergone a com-
parative evaluation with similar systems (PIP and IN-
TERNIST). RECONSIDER is based on the potential of
the “library” function of the computer—that is to say,
its capacity to remind the user not to forget a partic-
ular possibility, much akin to the premise behind
CARE, COSTAR, and HELP. Similarly, DXplain,
available through the American Medical Associa-
tion’s AMAnet****, suggests reasonable diagnoses
that should be considered given a particular set of

§§8 COSTAR is a registered trademark of the Massachusetts Gen-
eral Hospital.
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symptoms [98]. All these systems assume a far less
active role than was envisioned for PIP or ONCOCIN,
but if they are actually used by practicing physicians,
in the long run they may have a far greater impact
than more ambitious efforts to date.

Contributions of knowledge-base development

Despite undeniable problems and lack of success in
the sense of routine use, research in knowledge bases
has added immeasurably to understanding of the user
interface and of knowledge structure and use. Per-
haps the greatest contribution of knowledge-base de-
velopment has been its role in codifying knowledge
and encouraging the development of models of the
medical decision-making process. As stated previ-
ously, “the very attempt to build a knowledge base
often discloses gaps in our understanding of the sub-
ject domain and weaknesses in available represen-
tation techniques” [99]. Development of a knowledge
base makes it possible to present the knowledge of a
field formally and systematically, in a way in which
it might never have been done before. Efforts to keep
such knowledge current also may provide insight into
the directions of growth and change in a field.

CONCLUSION

Several major themes arise from an examination of
recent progress in the development of medical
knowledge bases. One is the increasing tendency of
knowledge-base developers to learn from one another
and to incorporate more than one approach to knowl-
edge representation in devising knowledge bases. This
permits such systems to use different problem-solv-
ing approaches as needed in different situations, in
a manner not unlike that of human problem solving.
The availability of software shells has also reduced
the tedium involved in knowledge acquisition, struc-
turing, and verification. This may encourage the fu-
ture creation and revision of knowledge bases so that
developers can focus attention on persistent prob-
lems.

A second major point is that by taking a less am-
bitious course, knowledge bases may be more suc-
cessful in a practical sense. Knowledge bases that are
not used and that remain only as research prototypes
are of limited value; only through use will they con-
tribute to our understanding of knowledge structure
and use and its role in the decision-making process.
Neither will unused databases make possible the pro-
vision of improved medical care, which is presumably
the ultimate goal. Evaluation studies of such widely
available knowledge bases and knowledge-based sys-
tems as PDQ, RECONSIDER, and DXplain are needed
to determine if these types of knowledge systems do,
in fact, make a difference in patient care. The rapid

expansion in the availability of electronic textbooks
such as “Compact Library: AIDS” signals extensive
investment by commercial firms in the development
of online and CD-ROM-based knowledge bases. Ide-
ally, this flurry of activity should result in a greater
variety of approaches to knowledge representation
and access. Clearly, given the difficulties of knowl-
edge-base creation and maintenance, wide-scale im-
plementation and use will be necessary if knowledge
bases are to meet the goals of “effective use and in-
teraction” envisioned by Goldstein and Papert [100].
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FROM THE BULLETIN —50 YEARS AGO

8 p. 1940.

When things are going so and so,

I often think of Janet Doe

And wish that she were round about
To help me on my troubled route.

When Paré from the printer came,
Without a flaw or misspelled name,
I thought at last, here is a task,
Perfection reached, as was expected.

And now she lists a long addenda,
As useful as a sound suspender
That evens out the load one carries
And enables us to add some Parés.

It’s nice to know that Waller sought
And finally from a Comtesse bought
The Paris Peste of one-five-eight-o,
Thought of as unique in the S.G.O.

A Bibliography of the Works of Ambroise Paré. Addenda and errata. By Janet Doe.

To Cushing he sold, as seems fair enough,
Old friends pass on that sought of stuff
To what they call, it’s “natural home,”

And New Haven was surely the place for the tome.

Another soon came to the home in Lidk6ping,
Not very surprising, and no cause for quirking,
For everything goes to the banks of the Lid,
Except a rare item that’s here overbid.

Of errata a few were bound to creep in,

An ‘a’ for an ‘e’; a ‘one’ for a ‘ten.’

Make changes at once, so your reader may know
That your Paré’s complete, by the marvellous Doe.
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