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In an attempt to overcome limitations inherent in
conventional computer-aided diagnosis, investigators
have created programs that simulate expert human
reasoning. Hopes that such a strategy would lead to
clinically useful programs have not been fulfilled, but
many of the problems impeding creation of effective
artificial intelligence programs have been solved.
Strategies have been developed to limit the number of
hypotheses that a program must consider and to
incorporate pathophysiologic reasoning. The latter
innovation permits a program to analyze cases in which
one disorder influences the presentation of another.
Prototypes embodying such reasoning can explain their
conclusions in medical terms that can be reviewed by the
user. Despite these advances, further major research and
developmental efforts will be necessary before expert
performance by the computer becomes a reality.
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THE sTEADY expansion of medical knowledge has made
it more difficult for the physician to remain abreast of
medicine outside a narrow field. Consultation with a spe-
cialist is a solution when the clinical problem lies beyond
the physician’s competence, but frequently expert opin-
ion is either unavailable or not available in a timely fash-
ion. Attempts have been made to develop computer pro-
grams that can serve as consultants (1-3). By the early
1970s it became clear that conventional tools such as flow
charts, pattern matching, and Bayes' theorem were un-
able to deal with most complex clinical problems (4).
Investigators then began to study the expert physician to
obtain detailed insights into the basic nature of clinical
problem solving (5-8). The results derived from such
studies have subsequently formed the basis for computa-
tional models of the cognitive phenomena, and these
models have further been converted into so-called artifi-
cial intelligence programs (9-12).

Many of the early efforts to apply artificial intelligence
methods to real problems, including medical reasoning,
have primarily used rule-based systems (13). Such pro-
grams are typically easy to create, because their knowl-
edge is catalogued in the form of “if ... then ..." rules
used in chains of deduction to reach a conclusion. In
many relatively well-constrained domains rule-based pro-
grams have begun to show skilled behavior (14). This is
true in several narrow domains of medicine as well (14,
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15), but most serious clinical problems are so broad and
complex that straightforward attempts to chain together
larger sets of rules encounter major difficulties. Problems
arise principally from the fact that rule-based programs
do not embody a model of disease or clinical reasoning.
In the absence of such models, the addition of new rules
leads to unanticipated interactions between rules and thus
to serious degradation of program performance (16-18).

Given the difficulties encountered with rule-based sys-
tems, more recent efforts to use artificial intelligence in
medicine have focused on programs organized around
models of disease. Efforts to develop such programs have
led to substantial progress in our understanding of clini-
cal expertise, in the translation of such expertise into cog-
nitive models, and in the conversion of various models
into promising experimental programs. Of equal impor-
tance, these programs have been steadily improved
through the correction of flaws shown by confronting
them with various clinical problems.

We will focus on how improved representation of clini-
cal knowledge and sophisticated problem-solving strate-
gies have advanced the field of artificial intelligence in
medicine. OQur purpose is to provide an overview of artifi-
cial intelligence in medicine to the physician who has had
little contact with computer science. We will not concen-
trate on individual programs; rather, we will draw on the
key insights of such programs to create a coherent pic-
ture of artificial intelligence in medicine and the
promising directions in which the field is moving. We will
therefore describe the behavior not of a single existing
program but the approach taken by one or another of the
many programs to which we refer. It remains an impor-
tant challenge to combine successfully the best character-
istics of these programs to build effective computer-based
medical expert systems. Several collections of papers
{19-21) provide detailed descriptions of the programs on
which our analysis is based.

A Basic Program for Clinical Problem-Solving

Any program designed to serve as a consultant to the
physician must contain certain basic features. It must
have a store of medical knowledge expressed as descrip-
tions of possible diseases. Depending on the breadth of
the clinical domain, the number of hypotheses in the da-
tabase can range from a few to many thousands. In the
simplest conceivable representation of such knowledge,
each disease hypothesis identifies all of the features that
can occur in the particular disorder. In addition, the pro-
gram must be able to match what is known about the
patient with its store of information. Even the most
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sophisticated programs typically depend on this basic
strategy.

The simplest version of such programs operates in the
following fashion when presented with the chief com-
plaint and when later given additional facts.

1. For each possible disease (diagnosis) determine

whether the given findings are to be expected.

2. Score each disease (diagnosis) by counting the
number of given findings that would have been ex-
pected.

3. Rank-order the possible diseases (diagnoses) ac-
cording to their scores.

The power of such a simple program can be greatly
enhanced through the use of a mechanism that poses
questions designed to elicit useful information. Take, for
example, an expansion of the basic program by the fol-
lowing strategy:

4. Select the highest-ranking hypothesis and ask
whether one of the features of that disease, not yet
considered, is present or absent.

5. If inguiry has been made about all possible features
of the highest-ranked hypothesis, ask about the fea-
tures of the next best hypothesis.

6. If a new finding is offered, begin again with step 1;
otherwise, print out the rank-ordered diagnoses and
their respective supportive findings and stop.

Steps 1 through 3 contain a primitive evaluation of the
available information, and steps 4 through & contain an
equally simple information-gathering strategy that deter-
mines what information to seek next. But such a program
fails to capture many of the techniques responsible for
expert performance. For example, the ranking process
does not take into account how frequently particular fea-
tures occur in a given disease. The program, furthermore,
has no knowledge of pathophysiology and is not able to
take stock of the severity of an illness. The most serious
problem is that each new finding sets into motion a
search process tantamount to considering all disease
states appearing in a textbook of medicine. Even for a
high-speed computer this is not a practical diagnostic
strategy and for this reason research has turned to the
study of how experts perform.

From Cognitive Models to Computer Programs

The physician’s ahility‘ to sharply limit the number of
hypotheses under active consideration at any one time is
a key element in expert performance (5, 6, 9). Computer
programs that use the strategies of experts can accom-
plish this same goal and devote the bulk of their compu-
tational resources to the sophisticated evaluation of a
small number of hypotheses.

Controlling the proliferation of hypotheses is only the
first step in creating effective artificial intelligence pro-
grams. To deal with the circumstance in which one dis-
ease influences the clinical presentation of another, the
program must also have the capacity to reason from
cause to effect. Moreover, the required pathophysiologic
knowledge must be organized in a hierarchical fashion so
that the information becomes more detailed as one pro-
gresses to deeper levels of the knowledge base. Quantita-

tive information, or rough qualitative estimates, must
also be added to the causal links if the program is to
separate the contribution of each of several disorders to a
complex clinical picture.

The cognitive models that embody these principles
provide the basis for computer programs that use the
chief complaint and other available information to reduce
the range of diagnostic possibilities. The narrowing pro-
cess can be viewed as passive in that the program makes
all possible progress without requesting further facts. The
passive phase completed, the program moves to an active
mode of posing questions to the physician. This process is
interactive with each new fact stimulating additional
analysis that further reduces the number of diagnostic
possibilities. In the following discussion, attention will be
directed primarily to the passive narrowing process be-
cause this strategy plays a central role in clinical problem
solving and because more is known about this process
than about the active collection of new information.

Passively Processing the Available Information
CONTROLLING THE NUMBER OF HYPOTHESES

One simple technique for limiting the number of active
hypotheses consists of selecting from a large database
only those disorders for which there is evidence in the
chief complaint. Limiting activation in this way is useful
but rarely restricts the number of hypotheses to a small
handful, typically three or four. An alternative and often
more effective strategy called triggering allows activation
only in response to a finding highly suggestive of a partic-
ular disease (9). For example, a history of vomiting
blood will trigger “peptic ulcer™ as an hypothesis; by con-
trast, the complaint of an occasional headache will not
trigger “brain tumor." In this scheme, findings other
than triggers are used in the diagnostic process only when
a particular hypothesis has already been activated. Un-
fortunately, even in this strategy a single trigger frequent-
ly generates an unmanageably large set of hypotheses
{22, 23). But, by using two findings, the behavior of the
activation mechanism can often be improved. For exam-
ple, the joint findings of hematuria and proteinuria can be
used to activate a much narrower set of hypotheses than
will either finding alone. Adding more elements to the
trigger will further restrict the number of hypotheses thai
are activated, but the gain is sometimes achieved at a
price; if a finding is improperly included in the trigger or
a relevant finding is ignored, the possibility of a diagnos-
tic error is considerably increased. Experimental evidence
suggests that a cluster of two or three findings provides
the right balance between specificity and the risk of miss-
ing a diagnosis (24).

Facts obtained during the questioning phase may acti-
vate new hypotheses but frequently they also argue
against diagnoses already under consideration. The new
fact may be incompatible with a given hypothesis, such as
a massive amount of protein in the urine of a patient
suspected of having uncomplicated chronic pyelonephri-
tis, or it may argue indirectly against a disease by strong-
ly favoring a competing one. Under either circumstance,
the hypothesis can be removed from active consideration
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(9). Even a newly activated hypothesis can immediately
be deactivated if facts already available argue strongly
against it.

Deactivation does not permanently exclude a hypothe-
sis from consideration; the hypothesis may be reactivated
if additional supportive information is later obtained or if
it must be explicitly ruled out in order to confirm some
other diagnosis (9).

AGGREGATES AND HIERARCHY IN NARROWING THE
FOCUS

Even when the triggering process is combined with a
mechanism for deactivation, it may not adequately con-
trol the proliferation of hypotheses. Under such circum-
stances, the diseases under consideration can be reduced
in number by grouping those of similar character (such
as kidney diseases or infectious diseases) into a single
hypothesis known as an aggregate. Such a structure in-
corporates all of the findings that occur with particular
frequency in the cluster of diseases forming the aggre-
gate. An aggregate cannot only stand in lieu of an
unmanageably large number of diseases but can be
organized into a hierarchy that facilitates analysis of the
diagnostic problem. The top level aggregate of such a
hierarchy contains all disorders under suspicion, and each
lower level contains the same disorders divided into succes-
sively smaller clusters. The program can then choose one of
several strategies to select the level within the hierarchy that
provides the best focus for subsequent questioning.

Intermixed hierarchies: The first hierarchies used by
artificial intelligence programs were intermixed in char-
acter {12, 25); each level in the hierarchy was organized
around a different disease characteristic such as duration
of illness {acute or chronic), anatomical site, etiology,
and so forth. In such a hierarchy, the program must ex-
plore the sequence of characteristics in a predetermined
fashion, typically from top to bottom or vice versa. But in
many cases adherence to such a predetermined sequence
will force the program into a grossly inefficient pattern of
questioning and lead to poor diagnostic performance.
5till another defect is that intermixed hierarchies cannot
deal with multisystem diseases such as lupus erythemato-
sus, scleroderma, or periarteritis nodosa (26).

Pure hierarchies: Because of these deficiencies, atten-
tion has shifted towards the use of so-called pure hierar-
chies that incorporate only a single disease characteristic.
A pure hierarchy for kidney diseases, for example, might
be based on the anatomical site of involvement. Individu-
al proximal and distal tubular diseases that appear at the
lowest level of the hierarchy can be organized into an
aggregate embodying all tubular diseases, and similar ag-
gregates can be created for glomerular, interstitial, and
vascular diseases. These aggregates can then be brought
to a higher level encompassing all kidney diseases. Such a
structure can also be expanded to include nonrenal disor-
ders.

Because a pure hierarchy has only a single organizing
theme, the program can move across levels without diffi-
culty and focus quickly on the level that merits further
consideration. On the other hand, a diagnostic strategy

based on use of a single pure hierarchy is of no value
when exploration of more than one clinical characteristic
is required. This limitation has caused investigators to
shift their attention to the use of multiple pure hierar-
chies. (27, 28).

Reasoning with multiple pure hierarchies: Multiple
pure hierarchies allow a program to explore a wide range
of disease characteristics while preserving ease and clari-
ty of analysis. Consider a patient who has ingested a poi-
son and is also oliguric. Multiple pure hierarchies allow
the program to focus on those aspects of the patient's
condition most relevant to each significant initial fact, in
this case identifying the cause of the illness and its patho-
physiologic consequences as the prime issues, and then to
integrate its understanding of the different aspects of the
case into an overall conclusion. First, the program takes
all of the available facts and searches through each hier-
archy to identify the smallest set of hypotheses that it can
validate; second, it searches across the subsets drawn
from each hierarchy to identify the diagnostic possibili-
ties most worth pursuing.

Reasoning within an individual hierarchy can be ac-
complished by one of two means. The top-down strategy
is most appropriate when little specific information is ini-
tially available, so that the most efficient approach con-
sists of moving from the general to the specific. The top-
down strategy uses scoring methods to determine the
goodness-of-fit between the observed manifestations and
the highest-level disease hypothesis in a given hierarchy.
If the hypothesis is found to be valid by some particular
set of criteria, the program moves to the next level where
there are two or more aggregates, each encompassing a
narrower range of diseases, If any one or several aggre-
gates are found to be valid, the entire process is repeated
until a level is reached below which either validity cannot
be shown or the total number of alternative hypotheses
{usually four or five) becomes too large.

The bottom-up strategy is best used when the findings
suggest a large number of specific diseases but do not
provide an organizing theme around which to formulate
a differential diagnosis. The bottom-up strategy is initiat-
ed by a triggering mechanism that selects the individual
hypotheses that merit consideration. If these hypotheses
cannot be distinguished from one another on the basis of
available information, the program moves to a higher lev-
el in the heirarchy; this move is accomplished by replac-
ing each group of individual diseases by the aggregate
encompassing them.

After having chosen the prime set of diagnostic possi-
bilities within each hierarchy, the program moves into
the second phase in which it looks across the subsets to
identify those diseases on which further questioning
should focus. These diseases are found by identifying
those disorders that appear in two or more subsets (27).
For example, in the oliguric patient who is known to
have ingested a poison, the intersection between the
prime disease sets in the anatomic and etiologic hi-
erarchies will yield a tentative diagnosis of acute renal
failure of nephrotoxic origin. In more complex cases, sev-
eral diseases will emerge from this process. The computa-
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tion of such an intersection, although seemingly simple,
is a fairly complex programming task. Skilled physicians,
on the other hand, carry out this process rather ecasily,
probably because they have previously explored so many
search paths that they know in advance the answers. A
similar pre-exploration has recently been exploited to
good effect in programs that make use of several hierar-
chies (27).

Dealing with Multiple Disorders

The strategies thus far considered assume that the pa-
tient has one disease. If several disorders are present, the
problem is more complex. Additional difficulties arise if
the several possible diseases have findings in common or
if one disorder influences the presentation of another.
The challenge posed by several disorders pushes existing
artificial intelligence programs to their conceptual and
computational limits.

DISORDERS THAT DO NOT INFLUENCE EACH OTHER'S
CLINICAL PRESENTATION

MNearly all early programs that dealt with several disor-
ders were successful in diagnosing only diseases without
overlapping findings. These programs assumed that all
hypotheses were competitors and attempted to identify
the single most likely diagnosis (22). Only after the first
diagnosis was confirmed did they attempt to make a sec-
ond diagnosis based on the residual findings, a process
that was repeated as long as there were findings not ac-
counted for by an already confirmed diagnosis. Such a
sequential approach contains a major flaw: because the
program initially has no way of recognizing that more
than one disorder exists, findings that are not relevant to
the primary disorder can easily confound the diagnostic
process. For example, in a patient with both chronic glo-
merulonephritis and an acute myocardial infarction, the
program will try to attribute all elinical manifestations to
each disease. It may, therefore, dismiss the diagnosis of
chronic glomerulonephritis simply because it cannot ac-
count for severe chest pain.

A partial solution to this problem can be achieved if
one assumes that coexisting disorders should, in general,
account for a larger set of observed findings than either
alone. The Internist-1 program (12) exploits this idea.
First, all active hypotheses are rank-ordered and the lead-
ing hypothesis is taken as the focus of the diagnostic pro-
cess; any diseases that account for findings not already
explained by the leading hypothesis are removed from the
active list and put aside for later consideration. The hy-
potheses remaining on the active list are considered com-
petitors of both the leading hypothesis and each other,
The program then pursues various standard strategies for
information gathering to arrive at a diagnosis. It then
subsequently turns to the disorders that have been set
aside earlier and carries out the same process of differen-
tial diagnosis.

This ability to partition the sets of diseases and findings
is the key to Internist-1"s ability to diagnose correctly
many of the cases drawn from clinico-pathologic confer-
ences (12, 27). But even such a partitioning algorithm

cannot deal with two diseases whose findings overlap ap-
preciably. If all observed findings are common to both
diseases, the program will incorrectly consider the two to
be competitors. Thus after confirming the presence of one
disease, it will ignore the other because all shared findings
have been accounted for. Moreover, the program cannot
deal with one disorder that has altered the clinical pre-
sentation of another (29). Consider a patient with acute
renal failure of some days' duration whose illness is
complicated by severe vomiting. If the serum potassium
concentration was normal or low and the program ex-
pected an elevated serum potassium level, the program
would not be able to make the correct diagnosis.

DISORDERS WHOSE FINDINGS OVERLAFP OR INTERACT

To deal with diseases whose findings overlap or inter-
act, a program's best strategy is to use pathophysiologic
reasoning that links diseases and findings through a net-
work of causal relations. Through this mechanism, which
emulates expert human performance, the program can
create a composite hypothesis that attempts to explain all
of the clinical findings. If several combinations of diseases
are consistent with available information, several compet-
ing composite hypotheses must be constructed. This pro-
cess cannot be done in the same fashion as with individu-
al disease hypotheses. Descriptions of individual diseases
can be created in advance and made available on de-
mand. Potential composite hypotheses, because they are
extremely large in number, must instead be fashioned on
an individual basis from the findings in a particular case.

The core of a composite hypothesis for a given patient
is constructed by bringing together the set of abnormal
states (such as pulmonary insufficiency, hypertension,
acidosis) that make up the overall clinical picture (28).
To this core are added its possible underlying causes and
the mechanisms that bring about its clinical manifesta-
tions. A representative composite hypothesis is shown in
level I of Figure 1, which shows the simplest causal net-
work accounting for the acidosis and hypokalemia in-
duced by a combination of severe diarrhea and a moder-
ate degree of vomiting. Each possible explanation for the
electrolyte disorders, such as renal failure or diabetic ke-
toacidosis, is represented in the program as a competing
composite hypothesis. If no single cause adequately ac-
counts for the severity of all the findings, the program
will conclude that more than one cause must be present.
The program then uses pathophysiologic reasoning to es-
timate the effects of interactions among the possible caus-
es. Interactions among diseases can be estimated more
precisely by supplementing the causal links with quanti-
tative information describing the magnitude of each
cause and effect (29, 30).

Even rough qualitative estimates (such as slight, mod-
erate, or severe) can assist in determining whether a sin-
gle diagnosis is consistent with known findings (31, 32).
If, for example, a patient with mild congestive heart fail-
ure is found to have massive edema, the program will
suspect that a second disorder (such as the nephrotic
syndrome) is present. If additional evidence supporting a
second cause can be found, it will be added to the com-
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Figure 1. Three levels of detail in a
compasite hypothesis describing a
patient with both acid-base and po-

tassium abnormalities induced by
diarrhea and vomiting, The circles
represent clinical and pathophysio-
logic states and solid lines show
the relationships among them. Re-
lationships are labeled to indicate
that one state either causes or at-
tenuates another, or that two
states are constituents of a third.
Etiologies are in capital letters, and
the dashed vertical lines show cor-

responding states at the different
levels of detail. Each node in the
figure is associated with numerical

values (not shown) reflecting the
severity and duration of the partic-
ular state. The clinical associations
shown on level | are more fully

elaborated by level Il, which depicts
the homeostatic adjustments in a
patient with diarrhea and vomiting.
Lewel Il provides an even more de-
tailed description of how the organ-
iIsm responds to gastrointestinal
losses (28, 29), Gl = gastrointes-
tinal; ECF = extracellular fluid.
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posite hypothesis. If no such explanation is forthcoming,
the program will consider laboratory error or a faulty
patient history.

To differentiate among the possible causes, all current
information about the patient is used to generate a differ-
ent possible series of events (scenarios) that might have
led to the current clinical picture. Each scenario predicts
various findings, some perhaps not yet found, that would
be expected if a given disease were present (11, 30). The
findings in each scenario are then compared so that dif-
ferential diagnostic features can be identified and ques-
tioning focused on them. For example, urinary sodium
concentration will be identified as a feature that can help
distinguish between oliguria due to acute tubular necrosis
and that due to dehydration and volume depletion.

HIERARCHICAL ORGANIZATION IN CAUSAL
REASONING

The more detailed the causal reasoning, the greater the
price in terms of computational costs. Such costs can be
minimized, however, by organizing knowledge into layers

of increasing detail. A system based on such a knowledge
base can select the most appropriate level at which to
operate, using efficient, shallow reasoning in simple cases
and resorting to expensive, detailed reasoning only when
there is no alternative (28). A small hierarchical com-
posite hypothesis, showing three levels of detail, is shown
in Figure 1 (28). The shallow reasoning of level I, de-
scribed earlier, is more fully elaborated by level I1, which
shows the homeostatic adjustments in a patient with diar-
rhea and vomiting. Level III provides a more detailed
description of how the organism responds to gastrointes-
tinal losses.

Many of the ideas discussed thus far have been tested
in experimental programs, but no program has yet suc-
ceeded in integrating the various mechanisms required to
produce a useful and reliable expert consultant.

Information Gathering and Reaching Diagnostic Conclusions
INFORMATION GATHERING
Once the passive component of the program has re-
duced the number of hypotheses as much as possible, the
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active mode of questioning begins. The diagnostic strate-
gies—confirm, eliminate, and differentiate—are derived,
as in the first portion of the program, from analysis of
expert performance (5, 6, 12). The choice of a particular
strategy is based on the following criteria. If a single hy-
pothesis is the leading candidate by a wide margin, the
program will gather data designed to confirm the diagno-
sis or at least to give it further credence. If no such data
can be obtained readily and safely, the program will try
to elicit information that can eliminate one or more of the
competing diagnoses. Differentiation, the last of the three
strategies, is generally used when only two hypotheses
are under active consideration; the purpose is to gather
information that favors one diagnosis while arguing
against the other.

In many clinical situations, however, an optimal strate-
gy cannot be chosen using the simple criteria just de-
scribed (30, 33); instead, one must develop a plan for
questioning based on possible answers to the series of
questions that might be posed. One recent approach con-
sists of developing a coherent plan for information gath-
ering based on stored knowledge of diagnostic strategics
(30, 33, 34). For example, when the program is trying to
differentiate between renal and essential hypertension, it
would note that the diagnosis of essential hypertension is
typically made by exclusion. On this basis, the program
will develop a strategy designed to confirm the diagnosis
of renal hypertension rather than differentiate between
the two disorders. To accomplish this goal, the program
will establish various sequences of possible questions and
answers and then choose the line of questioning that
looks most promising (4, 30).

REACHING A DIAGNOSTIC CONCLUSION

A pathognomonic abnormality provides the easiest
path to diagnosis, but such findings are extremely uncom-
mon. Moreover, even such a finding must be viewed with
caution because of the possibility of error; corroboration
of a pathognomonic finding by other data is necessary
before a conclusion can be reached.

If the questioning process has been completed and the
diagnosis is still in doubt, the program rank-orders the
set of hypotheses still under active consideration and re-
ports the results to the user. Several numerical scoring
schemes have been used in such a scoring process but
none have proved completely satisfactory. The common-
est scheme quantifies the frequency with which each find-
ing is associated with a given disease (9, 12, 22, 27) and
simply sums the weights assigned to such findings. A
more sophisticated version of this strategy makes formal
use of Bayes® theorem (35-37). The diagnostic investiga-
tion is typically terminated when the score, or a value for
the probability, has reached some predetermined thresh-
old (9, 12, 35, 38). Available evidence indicates that hu-
mans have great difficulty in making reliable probabilistic
judgments and calculations (39), suggesting that skilled
physicians reach diagnostic closure by unidentified strate-
gies.

A program may not reach a diagnostic threshold even
after gathering all the useful information that can be ob-

tained without using studies that impose risk or pain. At
this point, decision analysis can be used to decide wheth-
er such studies should be done or whether treatment
should be initiated even in the face of considerable uncer-
tainty (40). The response to treatment will, of course,
sometimes provide the best means of arriving at a firm
diagnosis.

Discussion

Most approaches to computer-assisted diagnosis have,
until the past few years, been based on one of three strate-
gies—flow charts {1, 2, 41), statistical pattern-matching
(42), or probability theory (4, 35, 43, 44). All three
techniques have been successfully applied to narrow med-
ical domains, but each has serious drawbacks when ap-
plied to broad areas of clinical medicine. Flow charts
quickly become unmanageably large. Further, they are
unable to deal with uncertainty, a key element in most
seripus diagnostic problems. Probabilistic methods and
statistical pattern-matching typically incorporate unwar-
ranted assumptions, such as that the set of diseases under
consideration is exhaustive, that the diseases under suspi-
cion are mutually exclusive, or that each clinical finding
occurs independently of all others {22). In theory, these
problems could be avoided by establishing a database of
probabilities that copes with all possible interactions
(37). But gathering and maintaining such a massive da-
tabase would be a nearly impossible task. Moreover, all
programs that rely solely on statistical technigues ignore
causality of disease and thus cannot explain to the physi-
cian their reasoning processes nor how they reach their
diagnostic conclusions.

Programs using artificial intelligence techniques have
several major advantages over programs using more tra-
ditional methods. These programs have a greater capaci-
ty to quickly narrow the number of diagnostic possibili-
ties, they can effectively use pathophysiologic reasoning,
and they can create models of a specific patient’s illness.
Such models can even capture the complexities created
by several disease states that interact and overlap. These
programs can also explain in a straightforward manner
how particular conclusions have been reached (33, 45).
This latter ability promises to be of critical importance
when expert systems become available for day-to-day use;
unless physicians can assess the validity of a program’s
conclusions, they cannot rely on the computer as a con-
sultant. Indeed, a recent survey has shown that a pro-
gram's ability to explain its reasoning is considered by
clinicians to be more important than its ability to arrive
consistently at the correct diagnosis (46). An explanato-
ry capability will also be required by those responsible for
correcting errors or modifying programs; as programs be-
come larger and more complicated, no one will be able to
penetrate their complexity without help from the pro-
grams themselves.

Causal, quantitative reasoning also leads to programs
that can plan and manage therapy. Past events can be
used not only to predict current findings but to anticipate
the possible future evolution of an illness and the conse-
quences of particular therapeutic actions (47, 48). Such
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capabilities provide the framework for expanding com-
puter programs beyond their conventional bounds as di-
agnostic aids.

Progress toward developing practical consulting pro-
grams has been slow despite the rapid increase in our
understanding of how experts solve problems. Experience
shows that 5 years is required to incorporate a new cogni-
tive model into an artificial intelligence program and to
test it adequately. Two major factors have prevented
more rapid implementation. First, a large amount of de-
tailed medical knowledge must be gathered even when
one is dealing with a relatively narrow clinical domain.
Second, newer cognitive models are so complex that their
implementation typically poses a major technical chal-
lenge.

Even if the various problems in implementation can be
solved, further obstacles will impede the development of
programs that are ready for routine clinical use. Deci-
sions must be made concerning acceptable performance
levels (1) and extensive debugging and in-hospital testing
must be done to assure that the standards are being met.

Fortunately, even before the advent of fully functional
computer programs that can act as sophisticated consul-
tants on the most difficult medical problems, the fruits of
artificial intelligence research can be applied in less tax-
ing medical settings. Two recent programs, for example,
combine the scoring methods of Internist-1 (12) and da-
tabases that link diseases with their manifestations to
generate lists of hypotheses that may be worthy of de-
tailed consideration (49, 50). Other artificial intelligence
programs applied in narrow medical domains have also
proved to have practical value, in applications ranging
from laboratory data interpretation to protocol-based pa-
tient management (51-53). Although only a few such
programs are currently available, the evidence suggests
that the continued development of artificial intelligence
techniques will eventually give the computer a major role
as an expert consultant to the physician.
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