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An issue we have chosen not to address is the cost of a system, including
the size of the required computing resource. Not only is information on this
question scanty for most of the programs, but expenses generated in a research
and development environment do not realistically reflect the costs one expects
from a system once it is operating for service use.

1.4 Overview Of This Paper

An exhaustive review of computer-aided diagnosis will not be attempted in
light of the vastness of the field, and we have therefore chosen to present the
prominent paradigms by discussing representative examples. In separate sections
we give an overview, example, and discussion of (1) clinical algorithms, (2)
databank analysis, (3) mathematical models, (4) pattern recognition, (5)
Bayesian analysis, (6) decision theory, and (7) symbolic reasoning. We close
each section by identifying the range of applications for which the approach
appears most appropriate, the limitations of the approach, and the ways in which
symbolic reasoning techniques may strengthen the approach by improving its
performance or acceptability.

The seven principal examples we have selected are not necessarily the
best nor the most successful; however, they illustrate the issues we wish to

discuss within the major paradigms. We have also referenced other closely
related systems, so the bibliography should guide the reader to more details on
particular topics. Any attempt to categorize programs in this way is inherently
fraught with problems in that several systems draw upon more than one paradigm.
Thus we have occasionally felt obligated to simplify a topic for clarity in
light of the overall purposes of this review and the limitations of the space
available to us.

Because we are only interested here in decision making tools for use by
clinicians, we have chosen to disregard systems that are designed primarily for
use by researchers [39], [50], [65], [90]. Furthermore, we shall not discuss
biomedical engineering applications of computers, such as advanced automated
instrumentation techniques (e.g., computerized tomography2 ) or signal processing
techniques (e.g., programs for EKG analysis [79] or patient monitoring [116]).
Because they do not explicitly make inferences, we have also omitted programs
designed largely for data storage and retrieval with the actual analysis and
decision making left to the clinician [36] , [58] , [124] . We have also chosen to

2See Kak's article in this issue of the PROCEEDINGS.
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another group revised the Jelliffe model to permit a feedback loop in which the
digitalis blood levels obtained with initial doses of the drug were considered
in subsequent therapy recommendations [78], [96]. More recently, a third group
in Boston, noting the insensitivity of the first two approaches to the kinds of
nonnumerical observations that experts tend to use in modifying digitalis
therapy, augmented the pharmacokinetic model with a patient-specific model of
clinical status [35]. Running their system in a monitoring mode, in parallel

with actual clinical practice on a cardiology service, they found that each
patient in the trial in whom toxicity developed had received more digitalis than
would have been recommended by their program.

4. 2 Example

Perhaps the best known program in this category is the interactive system

developed at Boston's Beth Israel Hospital by Bleich. Originally designed as a

program for assessment of acid-base disorders [2], it was later expanded to

consider electrolyte abnormalities as well [3] , [4] . The knowledge in Bleich's
program is a distillation of his own expertise regarding acid-base and
electrolyte disorders. The system begins by collecting initial laboratory data
from the physician seeking advice on a patient's management. Branched-chain
logic is triggered by abnormalities in the initial data so that only the
pertinent sections of the extensive decision pathways created by Bleich are
explored. The approach is therefore similar to the flowcharting techniques used
by the clinical algorithms of Section 2, but it involves more complex
mathematical relationships than algorithms typically do. Essentially all
questions asked by the program are numerical laboratory values or "yes-no"
questions (e.g., "Does the patient have pitting edema?"). Depending upon the

complexity and severity of the case, the program eventually generates an

evaluation note that may vary in length from a few lines to several pages.

Included are suggestions regarding possible causes of the observed abnormalities
and suggestions for correcting them. Literature references are also provided
with the recommendations.

Although the program was made available at several East Coast
institutions, few physicians accepted it as an ongoing clinical tool. Bleich
points out that part of the reason for this was the system's inherent
educational impact; physicians simply began to anticipate its analysis after
they had used it a few times [3]^.

°More recently he has been experimenting with the program operating as a
monitoring system, thereby avoiding direct interaction with the physician.
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likely than the senior clinician in charge of a case to assign the patient to

the correct disease category. Of particular interest was the program's accuracy

regarding appendicitis, a diagnosis which is often made incorrectly. In no

cases of appendicitis did the computer fail to make the correct diagnosis, and
in only six cases were patients with non-specific abdominal pain incorrectly

classified as having appendicitis. Based on the actual clinical decisions,

however, over 20 patients with non-specific abdominal pain were unnecessarily

taken to surgery for appendicitis, and in six cases patients with appendicitis

were "watched" for over eight hours before they were finally taken to the

operating room.

These investigators also performed a fascinating experiment in which they

compared the program's performance based on data derived from 600 real patients,

with the accuracy the system achieved using "estimates" of conditional
probabilities obtained from experts [60] 2 . As discussed above, the program was
significantly more effective than the unaided clinician when real-life data were
used. However, it performed significantly less well than clinicians when expert

estimates were used. The results supported what several other observers have

found, namely that physicians often have very little idea of the "true"
probabilities for symptom-disease relationships.

Another Leeds study of note was an analysis of the effect of the system

on the performance of clinicians [13]. The trial we have mentioned that

involved 304 patients was eventually extended to 552 before termination.

Although the computer's accuracy remained in the range of 91% throughout this
period, the performance of clinicians was noted to improve markedly over time.

Fewer negative laparotomies were performed, for example, and the number of acute

appendices that perforated (ruptured) also declined. However, these data slowly

returned towards baseline after the study was terminated, suggesting that the

constant awareness of computer monitoring and feedback regarding system

performance had temporarily generated a heightened awareness of intellectual
processes among the hospital's surgeons.

6.3 Discussion of the Methodology

The ideal matching of the problem of acute abdominal pain and Bayesian

analysis must be emphasized; the technique cannot necessarily be as effectively

2^Such estimates are referred to as "subjective" or "personal"
Erobabilities, and some investigators have argued that they should be used in
ayesian systems when formally derived conditional probabilities are not

available [64].
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8.2 Example

The symbolic reasoning program selected for discussion is the MYCIN
System at Stanford University [102]. The researchers cited a variety of design
considerations which motivated the selection of AI techniques for the
consultation system they were developing [99]. They primarily wanted it to be
useful to physicians and therefore emphasized the selection of a problem domain
in which physicians had been shown to err frequently, namely the selection of
antibiotics for patients with infections. They also cited human issues that
they felt were crucial to make the system acceptable to physicians:

(1) it should be able to explain its decisions in terms of a line of reasoning
that a physician can understand;

(2) it should be able to justify its performance by responding to questions
expressed in simple English;

(3) it should be able to "learn" new information rapidly by interacting directly
with experts;

(4) its knowledge should be easily modifiable so that perceived errors can be
corrected rapidly before they recur in another case; and

(5) the interaction should be engineered with the user in mind (in terms of
prompts, answers, and information volunteered by the system as well as by
the users) .

All these design goals were based on the observation that previous computer
decision aids had generallybeen poorly accepted by physicians, even when they
were shown to perform well on the tasks for which they were designed. MYCIN'S
developers felt that barriers to acceptance were largely conceptual and could be
counteracted in large part if a system were perceived as a clinical tool rather
than a dogmatic replacement for the primary physician's own reasoning.

Knowledge of infectious diseases is represented in MYCIN as production
rules, each containing a "packet" of knowledge obtained from collaborating
experts [102] 27 . A production rule is simply a conditional statement which
relates observations to associated inferences that may be drawn. For example, a
MYCIN rule might state that "if a bacterium is a gram positive coccus growing in
chains, then it is apt to be a streptococcus." MYCIN's power is derived from
such rules in a variety of ways:

2-j
____ __ _—__—__ —_____ —__—_______

rcn a 'Production rules are a technique frequently employed in AI research19] and effectively applied to other scientific problem domains [6].
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