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Sec. Abstract Kunz et al.

Abstract

This article reviews the strengths and limitations of five major paradigms of medical

computer-assisted decision making (CAOM): 1) clinical algorithms. 2) statistical analysis

of collections of patient data, 3) mathematical models of physical processes. 4) decision

analysis. and 5) symbolic reasoning or artificial intelligence (Al). No ono technique is

best for all applications, and there is recent promising work which combines two or more

established techniques. We emphasize both the inherent power of symbolic ri■asoning and

the promise of artificial intelligence and the other techniques to complement e - .711 other.
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Sec. 1 INTRODUCTION Kunz et al.

1 INTRODUCTION

During the past decade, there has been a dramatic increase in both the capabilities

of computer systems and in physicians' interest in their potential medical uses.

Attitudes about their routine clinical use has evolved from early skepticism to curiosity

and, increasingly, to to the presumption that all physicians will in time incorporate

computer-based tools into their daily practices. A statement in a major medical journal

provides evidence for this trend: "... computers may never replace physicians, but they

can and will assist their decisions" [59].

A variety of techniques have been applied to computer-assisted decision making

(CADM), accounting for at least 1000 references in the clinical and computing literature

[51]. While progress has been made toward providing effective computer support for CADM

in medicine, major research challenges remain. This paper updates an earl r review of

th3 relevant methodologies [43], cites recent progress, and identifies some of the

continuing research issues. The earlier article discussed important issues that account

for both the multiplicity of app aches to the problem and the limited clinical success of

most of the systems developed to date. It also contained an ext.ersive biliograpy ihich

is revised in this article.

This article focuses on the representation and utilization of knowledge in computer

programs, as aeveloped within the field of applied AT. Al research is concerned with

symbolic reasoning. Applied to practical problems, these AT techniques have been used to

develop programs, termed "expert systems", which attempt to solve problems which are

normally thought to require human specialists for their solution. Expert systems can make

decisions about problems such as diagnosis and therapy, and they are designed to serve as

consultants for human decision-makers. A recent Science article discusses research in

expert systems [11].

We discuss Some inadequacies of data -intensive techniques which have led to recent

interest in symbolic reaeoning approaches. In addition, we review some research projects

which have eembinad Lwo or mare CADM l.aehrrigaes, discuss the way in which differect

techniques cemplement ee,..h other, and ewjgest that Al offers an iccommodating peradigm

under which other appropriate techniques can be merged.
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1.1 Perspectives for comparing CADM systems

The models on which computer systems base their advice can be compared along three

dimensions:

(1) inputs (i.e., the patient-specific data they use): Complexity of CADM system input can

range from minimal data from a single patient to large amounts of data from many

patients.

(2) processing (i.e6 their use of medical and information processing knowledge):

Processing knowledge can be very domain-specific, such as knowledge about ,,anaging a

particular kind of patient in a local setting, or it can be domain-independent, such

as knowledge about how to use statistical methods to assess the likelihood of a

patient having a particular disease, given statistics on disease incidence in a

relevant patient population. Some CADM systems use small amounts of domain-

independent knowledge, while others use large amounts of domain-specific knowledge.

(3) outputs ( . . both the form and content of their specific advice on a case): CADM

system output may range from the quantitative value of a single parameter to

presentation of a ranked list of multiple possible diagnoses or therapy plans, with

explanations of conclusions.

When based on relatively limited amounts of domain-independent knowledge, decision-making

systems typically use rich bases oi lomain-specific data. For example, statistical

methods are often used to analyze the contents of large data banks in order to describe a

class of patients or to make a prognosis about an individual patient. The output of such

systems is typically a score or a quantitative value for a statistical probability. In

contrast, some knowledge is relatively specific and pp cable to a limited domain, such

as the heuristic knowledge of an expert diagnostician. When based on large amounts of

domain-specific knowledge, powerful decision-making systems typically use very small

amounts of data. Al techniques have been usee to make inferences based on large imounts

of domain-specific knowledge; these

explanations of their decisions.

systems can sometimes provide diagnoses and
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If there is a general chronology to the field over the last 30 years, it is that

there has been progressive trend from techniques based on general knowledge, such as

statistical methods, toward emphasis on techniques based on domain-specific symbolic

knowledge, such as diagnostic inference rules. This trend has resulted in an emphasis on

systems which interpret and explain the clinical significance of their findings, rather

than simply produce another number for the user to interpret.

We include with domain knowledge a category of "judgmertal knowledge" which reflects

experience and opinions of experts regarding issues for which formal data may be

fragmentary or nonexistent. Since many decisions made in clinical medicine depend upon

this kind of judgmental expertise, it is not surprising that investigators should begin to

look for ways to capture and utilize the knowledge of experts in decision making programs.

Symbolic processing allows explicit representatien and manipulation of heuristic

judgmental knowledge. Thus, symbolic processing approaches allow exploiting judgmental

knowledge acquired from experts. These s,stems can describe their reasoning process. By

explaining its line of reasoning, a system provides credibility for decisions which are

correct, and it helps the user to identify and to modify decisions which are incorrect.

Knowledge-based symbolic reasoning systems derive their power from making inferences

which are consistent with, but not explicitly described in the knowledge base. Inference

is the process of concluding a fact which was not explicitly described. Making inferences

is a key issue in knowledge-based programming. Inferences can be made given appropriate

knowledge, such as a diagnostic rule. Simple data, however, such as simple records of

observations, provide no inherent basis for making inferences. Knowledge and data are

closely related since inferences are made using both general knowledge of how to interpret

data and specific data.

Approaches to symbolic reasoning characterize the distinctions between AI programs

and programs using conventional calculations. For example, symbolic processing programs

solve problems by pursuing a line of reasoning: the individual inference steps and the

whole chain of reasoning may also form the basis for explanations of decisions. A major

cencern in expert systems is clear separation of the medical knowledge in a program from
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the inference mechanism that applies that knowledge to individual cases. One goal of this

paper is to identify, in the strengths and weaknesses of earlier work, those issues which

have motivated several current research groups to investigate the knowledge engineering

approach to the development of CADM systems.

2 Clinical Algorithms and Automation

2.1 Overview

Clinical algorithms, or protocols, are structured decision making flowcharts to which

a diagnostician or therapist can refer when deciding how to manage a patient with a

specific clinical problem [41]. Like recipes, algorithms are simple, short, and

relatively easy to use with limited prior training. Clinical algorithms take small

amounts of ifiput: a few selected observations of an individual patient. Their processing

is simple flow-chart logic, based on highly distilled representation of the clinical

knowledge of a domain. Their output is a recommended action: an addLion.al test. 1

diagnosis or a suggested therapy. Algorithms provide no explanations per se, but the

sequence of decisions used in arriving at a conclusion allows a user to uoderstand the

overall logic, if not tha basis for the individual steps.

Typically, clinical algorithms have been designed by expert physicians. Goldman

recently reported on a large study which used statistical analysis of the contents of a

data bank to generate an algorithm for managing patient who complain of chest pain [18].

14irtschafter reports improved adherence to a protocol and fewer complications when

physicians used an algorithm for chemotherapy treatment of Hodgkin's Disease [57].

Reporting that physician assistant users are more likely to follow the suggestions of a

computer-based algorithm than those of a paper algorithm, Cannon suggests that Use of

paper algorithms may alienate users, while tha se of computer-based algorithms computer

elicits better compliance [1]. McOonald [29] hypothesizes that physicians have an acute

problem with information overioad, and that using algorithms can help to reduce the
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effects of this problem. He reports significant improvement in specific indices of the

quality of care when physicians used algorithms. Further, he reports that the

improvements tend to disappear quickly when physicians stop using the algorithms,

indicating that the improvements are due to use of the algorithm and not due to

educational effect.

2.2 Discussion of the Methodology

Although clinical algorithms are among the most widespread and accepted of the

decision aids described in this article, the simplicity of their logic precludes effective

use of the technique in most medical domains. Decision points in the algorithms are

generally binary (i.e., a given sign or symptom is present or absent), and there tend to

be many circumstances that can arise for which the user is advised to consult the

supervisiog physician (or specialist). Thus the complex decision tasks are left to

experts, and there is generally no formal algorithm for managing the case from that point

on. It is precisely the simplicity of the algorithmic logic, and the supervising expert

"escape valve", which las permitted many algorithms to be repreell.ed on ono or to ,,hoets

of paper and has obviatud the need for direct computer use in many applications. Ho.Aever,

the methodoftgy provides a limited basis for extension to the complex decision tasks to be

discussed in the following sections.

3 Statistical Analysis of Collectlons of Patient Data

3.1 Overview

Making decisions based on analysis of patient records has been a major research

concern since the earliest days of medical computing. The input to such statistically-

based CADM systems includes either selective or exhaustive data or an individual patient.

Input nay al ,.o ineludo data from other patients in a popelation to which the individual

belongs. P'.)pulacion data may be used either in raw or summarized forms. In comparis;on
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with the other techniques discussed in this paper, statistical CADM systems typically use

relatively large amounts of input data. These systems use different statistical analysis

methods, including discriminant analysis, multi-attribute statistical pattern recognition

[34], and Bayesian analysis [10]. These processing methods are uniformly domain-

independent, and their output is usually numeric: a probability or a statistical index,

possibly including a statistical measure of confidence. Because these systems contain no

explicit knowledge about medicine, hey cannot explain the basis for their conclusions,

either in terms of clinical knowledge or in terms of pathophysiology. The investigator

typically selects a group of patients who belong to a common population. The statistical

properties of the population are then characterized. In the individual case, the

inference is made that if a patient is a member of a population whose properties are

known, then the patient has the properties of the population, with some statis ical

measure of confidence.

Bayesian analysis is used to aid diagnosis by calculating the prooability of a

disease using a formula which explicitly considers both the a priori probability of the

aisease and the conditional probabilities relating the observations to the diseases in

which they may occur. The appeal of Bayes' Theorem is clear: it offers an exact method

for computing the probability of a disease based on observations and on data regarding the

frequency with which these observations are known to occur for a specified set of

diseases. In several domains the technique has been shown to be exceedingly accurate.

For example, deDombal reports that a computer system, using Bayesian statistics,

outperformed physicians in diagnosing causes of abdominal pain (e.g., appendicitis,

diverticulitis, perforated ulcer, etc.) [10]. The proportion of correct diagnoses in

their study was 91% for the computer, and it varied from 42% to 81% for different

phyzician groups. In addition, the fraction of surgeries for non-diseased appendices

uropped from 257, to 77..

Among the most commonly recognized problems with the Bayesian approach is the large

amount of data required to determine all the conditional probabilities needed in the

rigorous application of the rormula. A variety of additional assumptions must he made.

For example: (i) the diseases under consideration aro assumed to he mutually exclusive and
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exhaustive (i.e., the patient is assumed to have exactly one of the diseases considered).

(2) in order to make the number of required conditional probabilities manageably small,

the assumption is usually made that conditional probabilities are independent [47]. and

(3) the incidence of the symptoms of a disease is assumed to be static (i.e., the model

generally does not allow for changes in disease patterns over time).

3.2 Discussion of the Methodologies

Statistical analysis systems offer powerful capabilities to individual clinical

decision makers. Furthermore, medical computing researchers recognize the potential value

of large databanks in supporting many of the other decision making approaches we discuss

in subsequent sections.

statistical data:

There are important additional issues regarding analysis of

(1) A continuing issue is recognizing the context in which analysis of data is

appropriate. Statistical dnalyses -- whether based on analysis of confidence limits,

Bayesian analysis, multivariate analysis or some other technique-- depend ultimately on

classifying an individual patient record as an instance of data drawn from a well

characterized population. Diagnosis or prognosis is based on the inference that the

properLies of the patient are those of the population, with some statistical measure of

confidence. However, knowledge of statistical techniques provides no basis for assessing

the clinical importance of the differences between a patient record and the summary

characteristics of a population. For example, continuing problems with use of pure

statistical methods include deciding whether the presence of an arbitrary second disease

or the recent use of a drug should change the interpretation that a patient's data belong

to some population. A recent editorial discusses an extrome but important case in which

the issue of analysis of context is a crucial issue in interpreting the results of a

statistical analysis [33]. The issue is complicated by the need to change context, fcr

example in making a local decision that some area of an X-ray is inside or outside the

heart, and then making a global 6ecision about whether heart volume is abnormal for to

particulir patient.

-7-



Sec. 3 Statistical Analysis of Collections of Patient Data Kunz at al.

(2) Data acquisition remains a major problem. Many systems have avoided direct

physician-computer interaction but have then been faced with the expense and errors of

transcription.
d■

(3) Analysis of data can be complicated by missing values that frequently occur,

outlying values, and poor reproducibility of data across time and among physicians.

Unfortunately, neither staListical nor data analysis methods provides a basis for

acquiring, representing and manipulating the domain-specific knowledge of experts about

how to handle problems in data.

(4) There is no formal correlation between the way expert physicians approach patient

management decisions and the way that statistical programs arrive at recommendations.

Psychological studies have now shown repeatedly that human clinical decision-making

depends upon skilled use of large amounts of symbolic knowledge of medicine [13]. [12].

Lacking expert clinical knowledge, statistical analysis systems have a severely limited

bility to e .plain either the clinical significance or the clinical or the physiological

basis for their results.

Thus, knowledge of in,idicine will be the most natural bais for explanation of the

clinical significaace and decisions of clinical medicine which is necessary to explain the

clinical significance and the clinical or physiological basis for their results.

Lacking this correlation,

4 Mathematical Models of Physical Processes

4.1 Overview

Pathophysiologic processes can be well-described by mathematical formulae in a

limited number of clinical problem areas. Selected data from a single patient is the

typical input to a CADM syitem based on a mathematical model. Large amounts of raw data

a;-e often umnimua,izd usinj mathematical techniques: computing an average is a simple
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example. The processing is mathematical, using either direct analytical or simulation

solution methods. The model itself is usually a mathematical representation of a general

law of physics as it may apply in a particular situation.

Programs to assist with digitalis dosing have progressed to the inclusion of broader

medical knowledge over the last ten years. The earliest work was Jelliffe's [24] and was

based upon his considerable experience studying the pharmacokinetics of the cardiac

glycosides. His computer program used mathematical formulations based on parameters such

as therapeutic goals (e.g., 'desired predicted blood levels), body weight, renal function,

and route of administration. In one study he showed that computer recommendations reducA

the frequency of adverse digitalis reactions from 357 to 122. [25]. Later, another group

revised the Jelliffe modal to permit a feedback loop in which the digitalis blood levels

obtained with initial doses of the drug were considereo in subsequent therapy

recommendations [40]. More recently, a third group in Boston, noting the insensitivity of

the first two approache3 t3 the kinds of nornumeric observations that experts Lend to use

in modifying digitalis therapy, augmented the pharmacokinetic model with a patient-

specific model of clinical status [21]. Running their system in a monitoring mode, in

parallel with actual clinical practice on a cardiology service, they found that each

patient in U,a trial in whom toxicity developed h,11 receivec more digitalis than would

have been recommended by their program.

4.2 Discussion of the Methodology

A general problem with mathematical approaches is that they depend on appropriate

selection of the model to use, on assignment of default values to parameters whose

measured values are unknown or unknowable, and ultimately on interpreting the clinical

significance of the results of an analysis. Interpretation of results must be done both

in terms of properties of the data used in tha analysis itself and in terms of the general

situation, including factors such as history, current therapies and clinicil course of the

patient. As with clinical algorithms and statistical approaches to CDM, the techniques

of mathematical -.1alysis themselves provide no hasis for representing and manpulating the

knowledge nos4ary to set up the :r.odel and to interprat its rasults.
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5 Decision Theoretical Approaches

5.1 Overview

Bayes' Theorem is only one of sever-1 techniques used in the larger field of decision

analysis, and there has recently been increasing interest in the ways in which decision

theory might be applied to medicine and adapted for automation. Several excellent

medically-oriented reviews of the field are available in textbooks [55], journal articles

(such as an entire issue of the New England Journal of Medicine which was devoted to

papers on this methodology [23]), and recently in a series of "Clinical Decision

Conferences" in the journal Medical Decision Making [22]. The latter series describes

cases referred to the Clinical Decision Analysis Service at the New England Medical Center

in Boston.

In general terms, decision analysis can be seeh as any attempt to consider values

associated with choices, as well as probaoilities, in order to analyze the processes by

which decisions are made or should be made. Schwartz identifies the calculatien of

"expected value" as central to formal decision analysis [39]. Ginsberg contrasts medical

classification problems (e.g., diagnosis) with broader decision problems (e.g., "What

should I do for this patient?"), and asserts that most important medical decisions fall in

the latter category and are best approached through decision analysis [17]. The following

topics are among the central issues in the field.

(1) Decision Trees. The decision making process can be seen as a sequence of steps

in which the clinician selects a "path" through a neteork of plausible events and actions.

Nodes in this tree-shaped network are of two kinds: decision nodes, where the clinician

must choose frcm a set of actions, and chance nodes, where. the outcome is not directly

controlled by the clinician hut is a probabilistic response of the patient to some action

taken.

(2) Expected Values. In actual practica physicians mike sequential decisiens based

on more than tiw probaLilitias associated with the chaGce nodo that follows. For 2xamp1e,
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the best possible outcome is not necessarily sought if the costs associated with that path

far outweigh those along alternate pathways.

(3) Eliciting Values. Obtaining from physicians and patients the cost and values

they associate with various tests and outcomes can be a formidable problem, particularly

since formal analysis requires expressing the various costs in standardized units.

Lotteries are a useful new approach [36]. Inferences regarding values can be made by

identifying the odds, in a hypothetical lottery, at which the physician or patient is

indifferent regarding taking a course of action with certain outcome and betting on a

course with preferable outcome but with a finite chance of significant negative costs if

the "bet" is lost.

(4) Test Evaluation. Since the tests which lie at decision nodes are central to

clinical decision analysis, it is crucial to know the predictive value of tests that are

available. This leads to consideration of test sensitivity, specificity, receiver

operator characteristic curves, and sensitivity analysis. Such issues are discussed in

[26], [30] and [55].

5.2 Discussion of the Methodology

In 1973, Gorr:" reported results of using a program based on decision analysis for

management of acute renal failure [19]. Gorry's program used subjective probability

estimates from experts, rather than probabilities derived from formal statistical studies.

The excellent performance of his program suggests the importance of the clinical analysis

that underlies the decision theoretical approach. The reasoning steps in managing

clinical cases have been dissected in such detail that small errors in the probability

estimates are apparently much less important than they mere shown to be for deDcmbal's

purely Bayesian approach [28]. Gorry suggests this may be simply because the decisions

made hy the program ore based on the comoination of large aogregates of such numbers, but

this argument should apply equally for a Bayesian system. t seems to us more likely that

disLillation of the clinical domain in a formal decision tree gives the program 30 much

more ki.uwledge o! the clinical problem that the quantitative, details bcomo somewhat less
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critical to overall system operation. The explicit decision network is a powerful

knowledge structure; the "knowledge" in deOombal's system lies in conditional

probabilities alone and there is no larger scheme to override the propagation of error as

these probabilities are mathematically manipulated by the Bayesian routines.

The decision theory approach is not without problems, however. Perhaps the most

difficult problem is that considerable expertise in both decision analysis and in the

domain area are needed to construct and use the decision tree itself. From the

perspective of the user, the difficulty is similar to the issue of context. (discussed in

Section 4.2). Knowledge of the domain-independent method of decision analysis does not,

in itself, provide a basis for representing a decision tree which pertains to a particular

issue. In addition, if a generic tree is produced by one investigator, in one

institution, then there is inevitable and appropriate question about its use in a

different institution which uses somewhat different procedures and for which sensitivity

and specificity data may be somewhat different. Overlapping or coincident diseases are

also not well-managed, unless specifically included in the analysis, and the Bayesian

foundation for many of the calculations still assumes mutually exclusive and exhaustive

disease categories. Problems of symptom conditional dependence still Lmain, and there

has been no easy way to include knowledge regarding the time course of diseases. Gorry

points out that his program was also incapable of recognizing circumstances in which two

or more actions should be carried out concurrently. Furthermore decision theory per se

does not provide the kind of focusing mechanisms that clinicians tend to use when they

assume an initial diagnostic hypothesis in dealing with a patient and discard it only if

subsequent data make that hypothesis no longer tenable. An additional difficult problem

is assigning numerical values (e.g., dollars) to a human life or a day of health, etc.

Some critics feel this is a major limitation to the methodology [52].

6 Symbolic Reasoning Approaches
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6.1 Overview

In the early 1970's researchers at several institutions simultaneously began to

investigate the potential applications of artificial intelligence (Al) to clinical

decision making. A recent series of books [3], [9] reviews the general field of AI, and

two other recent books review the applications of AI in medicine [48], [8]. The term

"artificial intelligence" is generally accepted to include those computer applications

which perform symbolic reasoning rather than numeric calculation. Examples include

programs that reason about mineral exploration, organic chemistry, or molecular biology;

programs that converse in English ard understand spoken sentences; and programs that

generate theories from observations.

The basis for symbolic reasoning programs, and the source of their power, is the use

of qualitative judgments - codified as "heuristics", or experiential "good guess"

knowledge. In contrast, the basis for numerical calculation programs is the use of

analytical equations or statistical techniques. Heuristics encode knowledge about a

problem area, such as medical diagnosis. They are used to focus the attention of the

reasoning program on parts of the problein that seem most critic31, anA oa pdrt.; of the

knowledge base that seem most relevant. They directly address the issue of context

discussed shove in Section 4.2 by both focusing the reasoning process and by deleting

Irrelevant items from consideration. The result is that these programs pursue a line of

reasoning as opposed to following a sequence of steps in a calculation.

Gorry's landmark 1973 paper first critically analyzed conventional approaches to

computer-based clinical decision making and outlined his motivation for turning to newer

symbolic techniques [20]. He used his acute renal failure program [19] to illustrate the

problems that can arise when Accision analysis is used alone. In particular, he analyzed

some of the cases on which the renal failure program baa failed but the physicians

considering the cases had perfumed well. His conclusions from these observations include

the following four points:

(1) Clinical judgment is besed los:; on detailed %nowledge of pathophysiology than it

is dn gross chunks of knowlef!ga end detailed oxpdrieuce from which rules of thumb are

derived.
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(2) Clinicians know facts, of course, but their knowledge is also largely judgmental.

The rules they learn allow them to focus attention and generate hypotheses quickly. Such

heuristics permit them to avoid detailed search through the entire problem space.

(3) Clinicians recognize levels of belief or certainty associated with many of the

rules they use, but they do not routinely quantitate or utilize these certainty concepts

in any formal statistical manner.

(4) It is easier for experts to state their rules in response to perceived

misconceptions in others than it is for them to generate such decision criteria a priori.

Gorry's group at MIT and Tufts developed new approaches to examining the renal

failure problem in light of these observations [35].

Due to the limitations of the older data-intensive techniques, it was perhaps

inevitable that some medical researchers would turn to the Al field for new methodologies.

Majcr Al research areas include knowledge represeetetion. heuristic search, natural

language understanding and generation, and models of thought processes all topics

clearly pertinent to the problems we have been discussing. Furthemere. Al researcht.rs

were begihning to look for applications to which they could apply some of the techniques

they Rad de/eloped in theoretical domains. This community of researchers hes grown in

recent years. and a complete issue of the journal Artificial Intelligence was devoted to

applications of Al to biology, medicine and chemistry [45](1).

Using symbolic reasoning techniques, CADM systems have been developed during the last

decade ia several areas of scientific, technical and commercial interest. These programs

are called expert systems because they exploit knowledge acquired from experts and because

they addi'ess prcblems normally thcught to require human specialists for their solution.

Expert systems research is reviewed in a recent article [11], and one of the first such

expert systems. MYLIN, is discussed in some detail. The clinical joal of MYCIN is to make

(1) Many of the AT-based systems described in this this article were developed on the
EUMEX-AIM computing resource, a nationally shared system devoted entirely to applications
of Al to the !iiomedicr0 sciences. SU'ILX-AN ct:mputers are physically located at Stanfordhnd Rutgers Univorsities, but they are usau by rosearchers natiaimide via coanections to a,.amputer 11work. Iha reaource is Funded Uy the Division of Research esources,Cliotedinalogy Resources Program. National Institutes of Health.
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diagnoses and to recommend therapy suggestions for patients suffering from infectious

diseases. The system goals and methodologies are discussed in detail in [42]. MYCIN

illustrates the approach to design of expert systems. The input to MYCIN includes

clinical facts, such as information about the patient history and laboratory test results.

MYCIN makes decisions by processing rules which describe knowledge about clinical

medicine. Rules are acquired from infectious disease experts, and one of their key

features is that both the using clinician and the computer ran understand their meaning.

The output of MYCIN is a suggested diagnosis and a therapy suggestion. Following user

request, MYCIN identifies the rules it used in making its decisions and thereby explains

the clinical basis of its suggestions to the user.

Pople. Myers and Miller have developed a system called INTERNIST-1 whose goal is to

assist with diagnosis and test selection for all diseases in internal medicine [32]. Tho

program utilizes a hierarchic disease categorization, an ad hoc scoring system for

quantifying symptom-disease relationships, plus some clever heuri;tics for focusing

attention, discriminating betaeen competing hypotheses, and diagnosing concurrent

diseases. The system designers characteri7e INTERNIST-1 as a research project, not yet

ready for routine clinical use. For them, the most troublesome system Imitations are its

inability to reason anatomically or temporally and its limited representation and use of

pa',hophysiological knowledge. Pople discusses these problems and approaches for their

solution in detail [37]. In addition, the system does not yet have the well developed

human engineering features which are necessary for routine use.

Miller's recent article summarizes the results of using INTFPNIST-1 to analyze 19

trial cnsas reported in New England Journal of Medicine clinicopathological exercises

[32]. These cases have the zAvantage of being sell documented and diagnostically very

challengini, but tley are not representative of the majority of cases seen in routine

medical practice necause of thJir compiecity. In this complex set of cases, 43

anatomically verified dingnuses were prosent. IN1:nNIST-1 correctly made 25 diagnoses;

the a6tending physicians me_de 28, aid the expert physicians made 35. No other diagnostic

computer system could analyze su:h a large nambcr of complex cases drawn from tho large

field of Mitecnal medicine. his elitorial. Barnett suggests that the contribution of
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INTERNIST-1 should not be measured simply by its limitations or failures [2]. Rather,

experiments such as INTERNIST provide insight into both the human diagnostic process and

the way that computers can help the practitioner. Barnett continues: "The issue is

whether such artificial intelligence models can reach conclusions similar to those of a

competent clinician and can then justify those conclusions in a rational and clinically

acceptable fashion."

Most AI programs have been developed on relatively large mainframe computers.

Recently, some systems have been developed to work on personal "work stations". For

example, the ONCOCIN program is now used routinely in the Stanford oncology outpatient

clinic [44]. By concentrating on state-of-the-art Al techniques developed during the

70's, selecting both hardware and software to provide a user-friendly interface, and

carefully selecting a task domain (managing patients enrolled in chemotherapy protocols).

ONCOCIN has succeeded in appealing to user physicians, and it plays a gradually increasing

role in their clinical operations. In addition, in recent years, seveval medical

diagnosis programs based on Al techniques have been made to work on small and relatively

inexpensive computers. For example, a small expert system designed for operation on a

chip has been reported [56]. fhe PUFF program, which interprets pulmonary f:niction test

results, runs routinely on a personal computer in a hospital laboratory [1]. Taking

measured data directly from a laboratory computer. PUFF identiries the presence and

severity of one or more of obstructive lung disease, restrictive disease and diffusion

defect. The program produces a report for each patient which explains the reasons for its

diagnosis, considers the measured and potential effect of drug therapy, and discusses the

potential of further testing when appropriate to confirm a diagnosis. The PUFF system

report is reviewed by a physician, edited if necessary (about 9J% of the reports need no

editing), signed, and entered rito the patient record. The pro.jram has interpreted over

4000 cases since it first went into routine use in 1973 at Pacific Medical Center in San

Francisco.

6.2 Discussion of the Mathodology



4

Sec. 6 Symbolic Reasoning Approaches Kunz at al.

Symbolic reasoning techniques differ from the other methodologies mentioned in this

article in that the computer techniques themselves are as yet experimental and rapidly

changing. Whereas the computations involved in Bayes Theorem, for example, involve

straightforward application of computing techniques already well-developed, basic

researchers in computer science continue to develop new methodologies for knowledge

representation, language understanding, heuristic search, and the other symbolic reasoning

problems we have mentioned. Thus the AI programs tend to be developed in highly

experimental environments where short term practical results are often unlikely to be

found. Prototype programs typically require large amounts of space and tend to be slow,

particularly in time-sharing environments. As has been true for most of the methodologies

discussed, Al researchers have still not developed adequate methods for handling

concurrent diseases, assessing the time course of disease, nor acquiring adequate

structured knowledge from experts. Furthermore, inexact reasoning techniques tend to be

developed and justified largely on intuitive grounds.

Szolovits and Paukec reviewed some applications of Al to medicine and have attempted

to weigh the successes of this young field against the very real problems that lie ahead

[47]. They identify several serious deficiencies of current systems. For exa.7iple,

termination criteria are still poorly understood. In addition, although some of these

programs now claverly mimic some of the reasoning styles observed in experts [13],[12], it

is less clear how to keep the systems from abandoning one hypothesis and turning to

another one as soon as new information suggests another possibility. Programs that

operate this way appear to digress from one topic to another --a characteristic that

decidedly alienates a user regardless of the validity of the final diagnosis or advice.

Despite these significant limitations. Al techniques do provide a way to respond to

many of Gorry's observations regarding the inadequacies of prior methodologies [20].

There are now several programs responsive to his criticisms. INFERNIST-I has received

close attention within both the computer science and tha medical ccmmunities because of

it. ability to make multiple and complex diagnoses within a very broad problem domain.

fhe psychological research into the nature of diagnosis shows the complexity of the

drocess follLwo,1 by humans and the richness of the knowledge used in followina tnat
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process. INTERNIST-I is the best documented example of the power of the symbolic

• processing methods to make diagnostic decisions at a high level of competence and to

justify its conclusions to human decision-makers.

7 Integration of multiple techniques

Sections 3-7 of this paper discussed the approach, the strengths and the limitations

of five basic methoes for computer-based medical decision making. No one technique is

best for all applications, and some techniques have strengths in the same areas that

others have limitations. Thus, it is not surprising that some investigators have

attempted to develop systems which combine multiple techniques.

Integrated systems show power and promise. Warner's group in Salt Lake City, for

example, has developed a computer-based system which interfaces with a hospital

information system and implements a variety of decision-making approaches [53]. The HELP

system includes many simple clinical algorithms, a large data bank, some mathematical

models, and programs which use Sayesian and decision-analysis methoCs to (:e6erdte advice,

to identify expected values of decisions, and to perform sensitivity analyses. The system

is in routine use in the Latter Day Saints Hospital, Salt Lake City, and is remarkable

both for its successful focus on decision-making and for its integration of CADM

techniques into the routine of patient care.

Bleich's system combines techniques of algorithms and mathematical modeling [4],

while the Digitalis advisor, previously mentioned in section 5.1, was designed to

recommend digitalis dose rates t:y combining a symbolic model of therapeutic goals with a

mathematical model of digitalis pharmacokinatics [21]. This program uses heuristics to

develop a description, called a "patient specific model", of an individual patient. The

associated mathumatical model usas the results of heuristic analysis as input, and it

produces quantitative results which are added to the patient-specific model.

Another ex Tiple. the Af/MM system. represents and manipulates a phiiological model

of fluid ind electrolyte balanee. The program includes symbolic knowledge of anatomy and
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physiological function, and it uses simple mathematical descriptions of the relevant first

principles of physics and physiology [27]. Thus, AI/MM incorporates Yamamoto's suggestion

that mathematical models might be incorporated into AI-based systems [58]. Using its

symbolic knowledge base, AI/MM analyzes the physiological model to infer the behavioi of

the renal system. It explains the basis for behavior in terms either of first principles

or of high-level heuristics. This symbolic analysis is used to motivate, to initialize

and to evaluate the of quantitative analyses; numerical results in torn are considered in

symbolic analysis of physiological behavior.

Blum has done work on the discovery of causal relations in a clinical data base [5].

Blum's program (RX) integrates techniques of artificial intelligence and statistics. The

principal objective of RX is to automate the process of generating and testing hypotheses

about causal relations in large data banks. RX uses knowledge about clinical medicine for

generating and testing hypotheses about new causal relations. It uses Al techniques to

identify ralevant knowledge and to choose how to employ it in particular situations, and

it uses statistical techniques to test the validity of hypothesi‘ed relations. Although

RX is not a CAUM system per se, one can envision CADM systems which use the insight that

Al and statistics can be combined.

7.1 Discussion

The systems discussed in this sectiol suggest some of the potential benefits of

integrating different decision making techniques into a unified system. This integration

may have important benefits for the clinical user. lhe HELP system, for example, is an

integrated system. It provides current patient data and data about similar kinds of

patients who have bean seen in the institotion. Acco,dingly, it can suggest common

implications of the patient data, as conceived by thoughtful experts. It can use

algorithmic, mathematical, statistical, or derision-analysis techniques for interpreting

the data of an individual patient. In addition, an integrated system offers great power

to the expert decision-maker. For example, the HELP system provides a collection of tools

,ihich the decision-maor can use, in the contaxt of problem -oriented patient 7.1anagenont.



Sec. 7 Integration of multiple techniques Kunz et al.

in specifying criteria for giving routine diagnostic and therapeutic advice and for giving

warnings about abnormal situations. Thus, as the HELP system illustrates, an integrated

system can allow the clinical user to obtain both data and its . analysis by any of the

several specializod scientific disciplines which might be appropriate in a specific case.

8 Conclusions

We have claimed that there are two recurring issues to confront in considering the

field of computer-based clinical decision making:

(1) How can we design systems that help physicians to reach better, more reliable

decisions in a hroad range of applications, and

(2) How can we more effectively encourage the use of such systems by physicians or other

intendeu users?

We shall summarize by reviewing these points separately.

Performance Issues

Central to a_suring a program's adequate performance is a matching of the most

appropriate technique with the problem domain. We have seen that the struct.ared logic of

clinical algorithms can be effectively applied to triage functions and other primary care

problems, but they would be less naturally matched with complex tasks such as the

diagoosis and management of acute renal failure. Good statistical data may support an

effective Bayesian program in settings where diagnostic categories are small in aumber,

non-overlapping, and well-deflned, but the lack of higher level domain 'Knowlodge limits

the effectiveness of the Bayesian approach in more complex patient ranagement or

diagnostic environments. A mathematical approach may support decision making in certain

well -uesrribed fields in which observations are Lypically quantified, and related by

functional expro..;sions. These examples, ond oth„:rs, demonstrate the the 'iced for

Oeughtfill ,:ensideration of the technique :lust appropriate for maeaging a clinical
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problem. In general the simplest effective methodology is to be preferred, but

acceptability issues must also be coasidered as discussed below.

Recent work suggests the potential of combining two or more decision-making

techniques in a CADM system. The systems discussed in Section 8 sujgest that there is

moe power in a combination of two or more processing techniques than there is in any of

the techniques Individually used in these systems. However, whether this power will prove

to have practical clinical imporLance will be determined only if such integrated systems

are further developed and are used in different settings. In addition to the appeal of

combining techniques in general, there seems to be a special opportunity for combining Al

with the quantitative techniques of statistical and mathematical analysis and.

potentially, with decision analysis. Al offers a formalism for representing and

manipulating the heuristic knowledge of expert human problem solvers. This knowledge can

also be used to address the issue of recognizing or establishing an appropriate context

for using some processing technique, and heuristic knowledge can be Jsed to assess the

qualitative clinic?1 significance of computed results. AI/MM uses AI and simple

mathematical motels; it eses quantitative and qualitative problem solving to support each

other, and it shows the epistemological basis of inference steps, distinguishing between

inferences based on physical law and on heuristic associations. RX uses Al and

statistics; it generates and interprets statistical results in a more powerful way than

would be possible with either technique alone.

It is always appropriate to ask whether computer-based approaches are needed at all

for a given decision making task. Some clinical algorithm developers, for example, have

discardea the machine [41], [50], and Schwartz et al pointed out that a useful decision

analysis can often be accomplished in a qualitative manner using paper and pencil [33].

Similarly, it is appropriate to ask whether potentially complex and expensive computer

processing is n..Ied for a task. Sometimes, as in the work of Mesel, the needs of users

can be met effectively by a simple computer-based approach which can be developed

relatively qui,:kly and run economically [31].

i-inilly, it is impertaot to consiJer the extent to which A program's "under—,tanding"

-21-



Sec. 8 Conclusions Kunz et al.

of its task domain will heighten its performance, particularly in settings where knowledge

of the field tends to be highly judgmental and poorly quantified. We use the term

"understanding" here to refer to the degree of judgmental or structural knowledge (as

opposed to data) that is contained in the program. Analyses of human clinical decision

making [13], [12] suggest that as decisions move from simple to complex, a physician's

reasoning style becomes less algorithmic and more heuristic, with qualitative judgmental

knowledge and the conditions for invoking it coming increasingly into play, accordingly,

it is likely that medical computing researchers will have to become "knowledge engineers"

as they look for effective ways to match the knowledge structures that they use to the

complexity of the tasks they are undertaking.

Acceptability Issues

A recurring observation as one reviews the literature of computer-based medical

decision making is that essentially no system has been effectively utilized cutside of the

environment in which it was developed, even when its oerfermance has been shown to be

excellent! This suggests that it may be an error to coeuentratd oer resiPech ,iffort

primarily on improving the decision making performance of computers when there is

evider much more required before these systems will have substantial clinical impact.

An editorial critique suggests that issues of terminal design and interface between user

and computer must be addressed effectively before computers substantially effect clinical

medicine [16]. A heightened awareness of "human engineering" issues among medical

computing researchers may also help to improve acceptance of computers by physicians. Fox

reviewed this field in detail [15]. The issues range from the mechanics of interaction at

a comruter terminal to program characteristics designed to make the system appear as a

tool for the physician rather than a dogmatic advice-giving machine.

Adequate attention must Also be given to the seveie time constraints perceived by

physicians. Ideally they would like progrims to take no more time than they currently

spond when accomplishing the same task on their own. Time and schedule pressures are

similarly likely to explain the greatar ;'esistance automation among interns and

residents than ardong medical s,Lideets oi pra.:Licing physicians in Start7.man's z■Ludy [46].
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Finally it must be noted that acceptability issues should generally be considered

from the outset in a system's design because they may dictate the choice of methodology as

much as the task domain itself does. The role of formal knowledge structures to

facilitate explanation capabilities, for example, may argue in favor of using symbolic

reasoning techniques even when a somewhat less complex methodology might have been

adequate for the decision task.

It may be tempting to conclude that the biases of medical personnel against computers

are so strong that systems will inevitably be rejected, regardless of performance, and in

fact there are some data to support this view [46]. However, recent studies have shown

relatively positive attitudes of medical personnel toward computers [4g], and there are

now exa,Iples of applications in which initial resistance to automated techniques has

gradually been overcome through the incorporation of adequate system benefits [54].

In spite of their goals and achievements, the systems described in this paper have

not been used outside of the institutions in which they were developed. Commercial neglect

of CADM systems probably stems from at least three issues: lack of nemand from the

hospital and office-practice communities for computer -assiste6 Jecision-makicg;

unwillingness of vendors Co develop products for which there is limited appa.-ent demand:

and laci of convincing evidence that computer decision-support provides more effective or

more economical care.

Perhaps one of the most revealing lessons about acceptability is an observation

regarding the system of Mesel et al. [31]. The physicians in Mesel's study accepted the

guidance of protocols for the management of chemotherapy in their cancer patients. 

It is

likely that the key to acceptance in this instance is the fact that these physicians 

d

previously had no choice but to refer their patients with cancer to a tertiary care center

where all complex chemotherapy was administered. The Introduction of the protocols

Permitted these physicians to undertake tasks that they had previously been unable to do,

and it simultaneously allowed maintenance of close doctor-patiaat relationships and helped

the patients avoid frequent long trips to the center. The motivation for the physician to

use th..; system is claar in this ca.:a. It i3 reminiscent of gusaLi's as:.ortion that
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physicians will first welcome computer decision aids when they become aware that

colleagues who are using the machine have a clear advantage in their practice [38].

In somm,ry, the trend toward increased use of medical knowledge in clinical decision

programs has been in response to desires for both improved performance and improved

acceptance of such systems. As greater experience is gained with these techniques, and as

they become better known throughout the medical computing community, it is likely that we

will see increasingly powerful unions between symbolic reasoning and the alternate

methodologies we have discussed. One lesson to be drawn lies in the recognition that

there is basic computer science research to be done in medical ccmputing, and that the

field is more than the application of established computing techniques in medicai '-mains.
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