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The role of explanation cr.pabilities in enh
ancing the transparency and acceptance of

medical advice systems has become increasingly 
recognized since the early 1970's. The

tutorial presentation will review the state of the art in computer-generated

explanations, survey several representative syst
ems, and suggest directions for future

research on the problem. This paper provid
es an overview of the issues and Includes a

bibliography of several key pieces of work in the
 area.

Introduction

Researchers in the development of medical expert systems h
ave Increasingly recognized the

Importance of explanation capabilities in enco
uraging the acceptance of their programs. One

survey of potential users of medical advice sys
tems has suggested that explanation may be the

single most important capability of an accepta
ble clinical decision tool (16). Good explanatio

ns

serve four functions in a consultation system:
 111 they provide a method for examining the

program's reasoning if errors arise when the sy
stem is being built; 121 they assure users that th

e

reasoning is logical, thereby increasing user acce
ptance of the system; 131 they may persuade use

rs

that unexpected advice is appropriate; and 141 they can educate users in areas where their

knowledge may be weak. These di..•ere.e roles im
pose several requirements upon the system. Fo

r

examp:e, the explanations must adequately r
epresent the reasoning processes of the program, and

they should allow the user to examine the reas
oning history or underlying knowledge at various

levels of detail. In addit:on, although the program's approach to a 
problem need not be identical

to the expert's approach, its overall strateg
y and reasoning steps must be understandable and

seem logical, regardless of the user's level
 of expertise. This means that the system must ideal

ly

have the capability LO tailor Its explanatio
ns to the varying needs and characteristics of its users

.

Although a few experimental consultatio
n systems have incorporated explanation capabilities,

none has the full range of functionality suggested in the preceding paragraph. Much basic

research in knowledge representation, causal
 reasoning, user modeling, deep structures, and the

human-computer interface will be require
d before "ideal" explanation capabilities are possible. I

will return to some of these issues, but will first
 review the current capabilities of medical advice

systems and mention some of the key researc
h efforts to date.

Review of Past Work

Early advice systems based on Bayes' Theore
m and other statistical techniques generally made n

o

effort to justify their diagnostic conclusions. The programs simply offered probabilistic

statements about the most likely disease(s). Th
ey could defend the analysis only by pointing to

Bayes' formula and to the conditional probabilit
ies and prevalence data used in the calculation.

When algorithmic decision logic was used in systems, however, it was possible to associate

"canned text" explanations with decision points an
d to print them out as part of the final result.

Perhaps the best early example of this approach 
was Bleich's well-known program to advise on

the management of acid-base and electrolyte disor
ders (1). The output from a consultation with

that system included a paragraph or two describing th
e details of the case and the rationale for a

specific management approach. However, the system did not permit user queries a
bout specific

points of confusion, nor could it defend the structure 
of the underlying algorithm that guided its

advice generation.

I believe it was Gorry who first wrote about the need for ex
planation capabilities in medical

advice s—stems (5). He bad been working on a 
program that used decision analytic techniques f

or

the assessment of renal disease and became
 convinced that one of the reasons for its 

limited

appeal to clinicians was the inability for th
em to gain insight into the basis for the pr

ogram's

recommendations.
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The explanation system of the MYCIN program provided dynamic ge
neration of explanations

from its inference rules -- the same structures that were used to generate advice
 (12). This

program assisted in the selection of antimicrobial therapy for patients with bactererma or

meningitis (13). and it was able to answer questions about how It reache
d a particular conclusion

(i.e., what rules led to the pertinent inference) and about why it h
ad asked a particular question

(i.e., which rules could use the requested information). The 
capability was available both for a

specific run of the program or for general querying of its knowledge base. Although the

program's responses provided an accurate description of a portion of MYCI
N's reasoning, to

understand the overall reasoning scheme a user needed to request a display of
 all the rules that

were used. In addition, the rules were generally designed for efficiency and therefore freq
uently

omitted underlying causal mechanisms that are sometimes needed for effective explanations,

especially when the user is a novice. Finally, MYCIN's explanations were customized to neither

the questioner's objectives nor characteristics.

MYCIN's explanation capabilities were expanded by Clancey in his work on 
the tutorial system

named GUIDON (3). In order to use MYCIN's knowledge base and patient cases for tutoria
l

purposes, Clancey found it necessary to incorporate knowledge about tea
ching. This knowledge,

expressed as "tutorial rules", enhanced the ability of a student to learn e
fficiently from MYCIN's

knowledge base. Clancey also noted prcblems arising from the frequent lack of underlying

mechanistic or "support" knowledge which is needed to explain the relevance and utility of a

domain rule (4).

Swartout developed a system that generated explanations from a record of
 the development

decisions made during the writing of a consultation program to advise on di
gitalis dosing (15)

The domain expert provided information to a "Writer" subprogram, wh
ich in turn constructed

the advising system. The traces left by the writer, a set of domain principles, and a domain

model were then used to produce explanations. Thus both the know
ledge acquisition process and

automated programming techniques were intrinsic to the explanations genera
ted by Swartout's

system. Responses to questions were customized for different kinds of users by keeping
 track of

what class of user is likely to be interested in a given piece of code.

Whereas MYCIN generated explanations that were usually based on a single rule. Weiner

described a system named BLAH that could summarize an entire reasoning chain
 in a single

explanatory statement (18). The approach developed for BLAH was based on a series of

psycholinguistic studies that analyzed the ways in which human beings explain decisions, c
hoices.

and plans to one another (8). For example, BLAII structures an explanation so that the

differences between alternatives are given before the similarities (a practice that
 was noted during

the analysis of human explanations).

The tasks of interpreting questions and generating explanations are confounde
d by the problems

inherent in natural language understanding and text generation (II). A consultation program

must be able to distinguish general questions from ease-specific ones, a
nd questions relating to

specific reasoning steps from those involving the .iverall reasoning strategy (
6). As previously

mentioned, it is also important to tailor the explanation to the user, giving appropriate

supporting causal and empiric relationships. For a system to produce customiz
ed explanations, it

must be able to model the user's knowledge and motivation for using the system. Wallis

described one approach to achieving this behavior in a system that generated customized

explanations from detailed causal reasoning chains (17) The role of layered causal domain

models, and the differences in explanations that can be genera
ted at varying levels of detail, have

also been explored in the ABEL work cf Patil (10).

There has been related recent work on the subject of 
critiquing systems, variants of consultation

programs for which explanation is an inherent iss
ue. A critiquing system does not routinely offer

advice but, rather, assesses the user's patient assessment or management plan. The

ATTENDING system of Miller was perhaps the first 
large program of this type (9), although

Clancey bad earlier incorporated related capabilities 
into MYCIN's therapy selection routines (2).

Miller's program assesses an anesthesiologist's 
management plan for a patient. using a variant of

augmented transition networks (which he calls a P
ROSENET) to generate paragraphs that weigh

the risks and benefits of the user's plan and pote
ntial alternative approaches. Langlotz has also

described a critiquing program and a technique
 known as hierarchical plan analysis (7). His

system provides an alternate mode of use for the 
cancer chemotherapy advice system known as

ONCOCIN (14).

An Organizational Structure For Future Work

One lesson of the last decade's work on explanation is th
e observation that a variety of knowledge

forms are necessary if an intelligent system is to customize its explanations
 to the individual who

Is using the prr'gram. Underlying structural and causal relationships are gene
rally required In

194



Explanation capabilities for medical consultation systems

addition to the high level judgmental "rules" or associations that characterized the knowledge

bases of early. medical expert systems.

The problems of explanation generation can be divided into at least four categories:

I Modehag the User's Knowledge:

GUIDON and other intelligent CAI systems have recognized the need to keep an

internal model of the student, i.e., what he has shown he knows, what you already

told him, and perhaps a record of where his greatest weaknesses lie. Similarly, it is

clear that an expert human consultant customizes his explanations so that they can be

understood by the person requesting consultation (and are thereby maximally

convincing). The expert starts with certain suppositions about his client's knowledge

(e.g., a teacher may presume his student Is starting from scratch, but a cardiologist

will assume that another physician requesting advice probably already knows a fair

amount of cardiology). The default presumption is modulated, however, as the

interactioa proceeds and the client demonstrates his strengths or weaknesses.

2. Selecting A Response Strategy:

Most explanation efforts have tended to be simple reiterations of individual reasoning

steps, but it is clear that experts and teachers use several alternate strategies for

conveying their ideas or key facts. Many of these techniques draw upon common sense

world knowledge (e.g.. analogies with familiar concepts outside the domain), thit

advice systems have thus far failed to capitalize on these teaching strategies in their

explanation capabilities. Thus another goal of the work that lies ahead should be to

develop structures for drawing parallels or otherwise representing the strategies used

by goo "explainers".

3. Modeling Contextual Information Regarding the Interaction:

I have already mentioned some of the ways in which contextual information may be

useful in dttermining the best way to answer a question. For example, a more

accurate model of the user's knowledge can be developed over time, and the extent to

which a given conversation is focused on a particular local topic can be assessed. Note

that this emphasizes issues other than those related to natural language

understanding; computational linguists also often cite the need to record contextual

dialogue information in order to handle problems such as anaphora.' An

understanding of the "flow" of -. dialog is also important in understanding the

meaning of subsequent questions.

1. Understanding The Question:

This issue interfaces with the problem of natural language understanding, but can be

viewed in a somewhat different light if we emphasize instead the ways in which the

model of the user and contextual information may allow us to disambiguate questions.

To draw from a medical example, consider the following scenario. A reasoning

program for pharyngitis diagnosis and management has just diagnosed strep throat

and recommended penicillin and the user asks the question "why would you give

penicillin!" In the most obvious case, one might imagine a response that itemizes the

risks of streptococcal infections and the reasons for treating early with penicillin.

Similarly, one might expect a more detailed response for a student and a quick

summary for a physician using the system.

However, an alternate interpretation is that every physician knows the theoretical

reasons for giving penicillin in strep pharyngitis. and that if the user is a physician

and is asking the question then he must be asking something different from the s
imple

informational question. In this case the query might be interpreted as a challeng
e (one

that might have been conveyed by tone of voice if it had been asked of a human

consultant). Apparently the user has reason to doubt that penicillin was the

appropriate agent in this case, or thinks that no drug was required. Other

background information and contextual knowledge should also help, and 
an intelligent

program might thereby answer the question in a given case in any of 
the following

ways:
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• Because the patient has pre-existing rheumatic heart disease.

• Because I doubt that he is allergic to penicillin, even though he reported that he
is.

• Because I tend to treat conservatively and give penicillin for strep throat even
though I know there hasn't been a case of rheumatic heart disease in California
in over 10 years.

The ideal intelligent assistant should be able to determine from knowledge of the user,
the domain, the individual case, and the context of the dialog, which of the preceding
responses is most appropriate. It will be a challenge to develop expert advice systems
with explanatory capabilities that can even begin to approach these goals.

Conclusion
In addition to the knowledge representation and problem solving issues I have emphasized in this
discussion, the explanation capabilities of future medical advice systems are likely to reflect
ongoing technological advances. Particularly relevant in this regard are the graphics capabilities
of modern computer terminals and workstations, as well as alternate interactive devices such as
touch screens and mice. Many of the explanations offered by the systems of tomorrow will be
graphical in nature, or draw directly on pictorial material retrieved from associated storage
devices such as video discs. It should accordingly be clear that there is ample opportunity for a
wide range of innovative research activities in the area of explanatory capabilities for medical
advice systems.
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The LIVER expert system incorporates techniques from ar
tificial

intelligence for the interpretation of laboratory tests
 in the area

of liver disease. It is rule based, uses certainty factors, and

implements a sequential strategy for diagnosis. This is done through

forward chaining and selecting a best next test(s). A number of

metrics for "best" are described, which lead to different 
selection

methods. Two of them have been implemented, and compared against
 the

recommendations for next tests in cases generated by
 a human expert.

Introduction

Among the applications of techniques in artificial i
ntelligence to medicine

[Pople 1981, Shortliffe 1976, Szolovits 1982] are a cla
ss of computer programs

called expert systems. Briefly, these programs contain the rules of thumb

(heuristics) that represent the expert's knowledge in a
 particular domain; given

these rules, simple deductive logic is used to make inf
erences about facts in the

given area. At their best, they perform at a level equal to that of
 many experts

[Feignenbaum 1983). MYCIN [Shortliffe 1976] is an example of an expert syst
em in

antibiotic therapy that has been widely acknowledged to
 be successful in its

clinical performance. Another well-known system is INTERNIST [Pople 1981], wh
ich

functions in the entire domain of internal medicine,
 and is capable of making

diagnoses of simultaneously occurring diseases.

There are four major advantages to the use of expert
 systems in computer-

assisted medicine. First, heuristics capture the special knowledge a
nd rules of

thumb that experts possess, which cannot necessar
ily be deduced from a simple

knowledge of the domain and its mechanisms. This is especially important in

medicine, in which knowledge is often uncertain and 
incomplete [Szolovits 1982).

Secondly, they employ reasoning mechanisms that are 
explicit and demonstrable.

Thus, explanations of the rules and facts used in
 arriving at conclusions can be

provided [Davis 1982], in contrast to statistical 
methods of inference. Thirdly,

expert systems separate the knowledge base from t
he deductive mechanisms and

inference strategies [Davis 1977]. Such systems are much easier to keep current

and maintain than comparable programs that includ
e domain-dependent facts with the

program logic. Lastly, expert systems can deal with incomplete k
nowledge, and make

inferences based only on what is currently known 
[Davis 1977], which is again

difficult to achieve with techniques like statistica
l analysis or pattern matching.

Of course, there are a number of problems that are stil
l outstanding in the

implementation of good expert systems. The most important of these deal with

knowledge acquisition and Inference strategy [Davis 1982]. 
The first is the

problem of transferring the expert's knowledge into a data
base that is consistent

and valid, even though experts may not always be able to a
rticulate the processes

by which they arrive at certain conclusions. The second is the question of what

facts should be considered first, and given a partial set of 
facts, what next fact

should be sought. The research described in .his paper deals with this last 
problem.
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