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Sec. Abstract Kunz et al.

Abstract

This article reviews representative examples of five major paradigms of computer-assisted

decision making (CADM) in medicine. These paradigms include 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. We

note that no one technique is best for all Applications, and we review promising work

which combines two or more established techniques. We emphasize both the inherent power

of symbolic reasoning and the promise of artificial intelligence and the other techniques

to complement each other.



Sec. 1 INTRODUCTION Kunz et al.

1 INTRODUCTION

As early as the 1950's it was recognized that computers could conceivably assist with

clinical decision making [40], and both physicians and computer scientists began to

analyze medical diagnosis with a view to the potential role of automated decision aids in

that domain [39]. A recent article in the medical literature suggests that "computers may

never replace physicians, but they can and will assist their decisions" [81]. A variety

of techniques have been applied to CADM, accounting for at least 800 references in the

clinic,' computing literature [68]. This paper revises an earlier review of computer-

based medical decision making methodologies [60]. That review discussed important issues

that account for both the multiplicity of approaches to the problem and the limited

clinical success of most of the systems developed to date. That review also includes an

extensive bibliography which is revised in this article. We focus on the representation

and utilization of knowledge. termed "knowledge engineering". We discuss some

Inadequacies of data-intensive techniques which have led to recent interest in the

symbolic reasoning approaches developed during the past. In addition, we review some

research projects which have combined two or more techniques of computer-based decision

making. discuss the way in which diff.....ent techniques complement each other, and suggest

that artificial intelligence may offer an accommodating paradigm under which appropriate

techniques can be used for different-problems.

1.1 Perspectives for comparing CADM systems

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

three dimensions of their inputs (i.e., use of data), processing (i.e., use of knowledge),

and their outputs (including both form and content). Complexity of CADM system input can

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

Processing can be based on small amounts of domain-independent knowledge or relatively

large amounts of domain-specific knowledge. CADM system output may range from the

duantititive value of a single parameter to presentation of a ranked list of multiple

Possible diagnoses or therapy plans, with explanations of conclusions.
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When based on relatively limited amounts of domain-independent knowledge, powerful

decision-making systems typically use rich bases of domain-specific data. For example,

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

make descriptions of a class of patients or prognostic inferences 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

applicable 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. Artificial intelligence

technioues have been used to make inferences based on large amounts of domain-specific

knowledge: these systems can sometimes provide diagnoses and explanations of toeir

decisions.

If there is a general chronology to the field over the last 20 years, it is that

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

such as statistical methods, toward emphasis of 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 producing another number for the user to interpret.

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

the expe ence and opinions of an expert regarding an issue about which the 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 kndwledge of experts in decision making

programs. Symbolic processing allows explicit representation and manipulation of

hburistic judgmental knowledge. Thus, symbolic processing approaches allow exploiting

judgmental knowledge, and they support explanation of their judgements to provide

credibility for decisions which are correct and insi.t into the problems with decisions

which are incorrect.

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

We use the term "knowledge engineering" to refer to the process of developing

computer-based symbolic reasoning systems. Knowledge engineering concerns issues such as

Knowledge representation, acquisition, and explanation [16]. Knowledge engineering uses

techniques of artificial intelligence which, for our purpose, can be described as the

branch of computer science concerned witn symbolic reasoning by computers. Approaches to

the issues of inference and knowledge engineering characterize the distinctions between

programs based on artificial intelligence 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 b , is

for explanations of decisions. A major concern in knowledge engineering is clear

separation of the medical knowledge in a program from 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.

1.2 Overview Of This Paper

An exhaustive review of computer -aided diagnosis will not be attempted in light of

the vast size of the field, and we have therefore chosen to review the methodologies by

discussing several representative examples of systems that have been described. The

principal examples we have selected are not necessarily the best nor the most successful;

however, they illustrate the issues we wish to discuss ano encompass most of the major
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methodologies that have been applied to computer-based medical decision maLing. Any

attempt to categorize programs in this way is inherently fraught with problems in that

several systems appropriately lay claim to more than one methodology. 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.

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 157]. Like recipes, algorithms are simple, short, and

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

amounts of input: 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 decision a suggested action. Algorithms

provide no explanations per se, but the sequence of decisions used in arriving at a

conclusions allows a user to understand the program logic.

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 patients who complained of chest pain

[22]. Algorithms have been developed for use by physicians' assistants, nurse

practitioners or other physicians to guide performance of specified routine clinical-care

tasks. Grimm has found that algorithms are most readily accepted by novice and expert

nurses and physicians. and they are less well -accepted by physician interns and nurse

students [29]. He showed, however, that physician performance could improve when

protocols were used in certain settings. The methodology has been developed in part

because of a desire to define basic medical logic Loncisely so that detailed training in
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pathophysiology would not be necessary for ancillary practitioners. Experience has shown

that intelligent high school graduates, selectee in large part because of poise and warmth

of personality, can provide excellent care guided by protocols -after only 4-8 weeks of

training. This care has been shown to be equivalent to that given by physicians for the

same limited problems, and to be accepted by physicians and patients alike for such

diverse clinical situations as diabetes management [42], pharyngitis [29], and headache

[28]. Wirtschafter reports improved adherence to a protocol and fewer complications when

physicians used an algorithm for cl-r-mntherapy treatment of Hodgkin's Disease [77].

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 the use of computer-based algorithms computer

elicits better compliance [9]. McDonald [43] hypothesizes that physicians have an acute

problem with information overload, and that using algorithms can help to reduce the

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 tne algorithm and not due to

educational effect.

2.2 Example

The cancer chemotherapy system developed in Alabama by mesel et al. [45], [77] uses

algorithms to allow private practitioners, at a distance from the regional tertiary-care

center, to manage the complex chemotherapy for their cancer patients. The algorithms are

popular with private physicians since they can effectively care for their patients without

routinely referring them to oncologists at a tertiary care center. Mese l described a

"consultant-extender system" that enables the primary physician to treat patients with

Hodgkin's Disease under the supervision of a regional specialist. Five oncologists

developed a care protocol for the treatment of Hodgkin's Disease, and this algorithm was

placed on-line. Once patients had been entered in the stuoy. their private physicians

would prepare encounter forms at the time of each office visit. These forms would
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document pertinent interval history, physical findings, and lab data, as well as

chemotherapy administered. The form would then be sent to the regional center where it

was analyzed by the computer and a customized clinical algorithm was produced to assist

the private physician with the management of that patient during the next appointment.

Thus the computer program would take into account the ways in which an individual

patient's disease might progress or improve and would prepare an appropriate clinical

algorithm. This protocol was sent back to the physician in time for it to be available at

the next office visit. The private practitioner was encouraged to call the regional

specialist directly if the protocol seemed in some way inadequate or if additional

questions arose.

The authors present data suggesting that their system was well -accepted by physicians

and patients, and that excellent care was delivered. This is an interesting result in

light of Grimm's experience [29]. Pe;-haps physicians were more accepting of the

algorithmic approach in Mesel's case because it allowed them to perform tasks that they

would previously not have been able to undertake at all. Retrospective review of cases

that were treated at the referral center, but without the use of the proto:-ols, showed a

16% rate of variance from the management guidelines specified in the algorithms: there was

no suco variance when the protocols were utilized directly. Thus algorithms may be

effective tools for the administration of complex specialized therapy in circumstances

such as those described.

2.3 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 makes it clear why

the technique cannot be effectively applied in most medical domains. Decision points in

the algorithms are generally binary (i.e., a given sign or symptom is or is not present).

and there tend to be many circumstances that can arise for which the user is advised to

consult the supervising physician (or specialist). Thus the complex decision tasks are

left to experts. and there is generally no formal algorithm for managing the case from
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that point on. It is precisely the ximplicity of the algorithmic logic, and the

supervising expert "escape valve", which has permitted many algorithms to be represented

on one or two sheets of paper and has obviated the need for direct computer use in many

appl;cations The contributions of clinical algorithms to the distribution and delivery

of health care, to the training of paramedics, and to quality care audit, have been

impressive and substantial. However, the methodology provides a limited base for

extension to the complex decision tasks to be discussed in the following sections.

3 Statistical Analysis of Collections 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 CADM systems based on

statistical analysis includes either selective or exhaustive data for an individual

patient, and it may include the raw or summarized data from a set of patients from one or

more populations to which the individual may belong. In tomparison with the other

techniques discussed in this paper, statistical -based CADM systems typically use

relatively large amounts of input data. The processing of these systems has been based On

different analysis methods, including statistical analysis, multi-variable statistical

pattern recognition [48], and Bayesian analysis [12]. These processing methods are

uniformly domain-independent. The output of these systems is usually numeric: a

probability or a statistical index, possibly including a statistical measure of

confidence: if these systems contain only knowledge of statistical methods, then they have

no ability to explain the credibility of their conclusions either in terms of clinical

knowledge of disease or in terms of pathophysiology.

In each of these methodologies, the general approach is to use a domain-independent

rethod to analyze the data of a population of patients. In each case, the investigator

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

measure of confidence.

In addition, researchers have directed great effort into design, development and

operation of computer-based databanks for gathering and maintaining appropriate and

accurate patient records. For example, the system of Weed [72] has been instrumental in

showing the importance of the concept of the problem-oriented medical record. The ARAMIS

system has developed a data-management system for patient data [19] which is now used at

several research centers around the country. The databank systems all depend on a

complete and accurate medical record system. Accurate computerized medical records depend

both on careful computer system design and on meticulous attention to entering accurate

and complete records. If such a system is developed, a number of additional capapilities

can be provided: (1) correlations among variables can be calculated, (2) prognostic

indicators can be measured, and (3) the response to various therapies can be compared. A

physician faced with a complex management decision can look to such a system for

assistance in identifying patients in the past who had similar clinical problems and can

tnen see how those Patients responded to various therapies.

Pattern recognition techniques define the mathematical relationship between

measurable features and classifications of objects [13]. In medicine, the presence or

absence of each of several signs and symptoms in a patient may be definitive for the

classification of the patient as "abnormal" or into the category of a specific disease.

They are also used for Prognosis [36]. or predicting disease duration, time course, and

outcomes. These techniques have been applied to a variety of medical domains. such as

image processing and signal analysis, in addition to computer-assisted diagnosis. In

order to find a diagnostic pattern, or discriminant function, the pattern matching method

requires a "tra,ning set" of data from a population whose data are known accurately and

for whom the correct classifications are already known. If the form and parameters are

not known for the statistical distributions underlying the features, then they must be

estimated. After training, then, the pattern can be matched to new. unclassified objects
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to aid in deciding the category to which the new object belongs. Regression analysis is a

commonly used technique for finding the coefficients of an equation that defines a

recurring pattern or category of diagnostic or prognostic interest. Recent work

emphasizes structural relationships among sets of features more than statistical ones

[66].

In addition to pattern matching. Bayesian probability analysts is used to aid

diagnosis by explicitly considering the prevalence of diseases in making diagnoses.

Ideally, some investigators argue l the choice of a diagnosis should consider both the

conditional probability of a disease given the patient data and the prevalence of

hypothesized diseases in the population, as related by Bayes' theorem [12]. The appeal of

Bayes' Theorem is clear: it potentially offers an exact method for computing the

probability of a disease based on observations and data regarding the frequency with which

these observations are known to occur for specified diseases. In several domains the

technique has been shown to be exceedingly accurate. For example, OeDombal reports that a

computer system, using Bayesian statistics, autperformed physicians in diagnosing causes

of abdominal pain (e.g., appendicitis, diverticulitis, perforated ulcer, etc.) [12]. The

proportion of correct diagnoses was 91% for the computer, and it varied from 42% to 81%

for different physician groups. In addition, the fraction of surgeries for nondiseased

appendices dropped from 25% to 7%. However, there 3re also several limitations to the

approach which we discuss below. Lusted's classic volume [41] presents the subject in

considerable detail.

Among the most commonly recognized problems with the utilization of a Bayesian

approach is the large amount of data required to determine a', the conditional

probabilities needed in the rigorous application of the formula. A variety of additional

assumptions must be made. For example (1) the diseases under consideration are assumed

to be mutually exclusive and exhaustive (i.e., the patient is assumed to have exactly one

of the n diseases), (2) the clinical observations are assumed to be conditionally

independent over a given disease(1). and (3) the incidence of the symptoms of a disease is

(1) The purest form of Bayes' Theorem allows conditional dependencies, and the order
in which evidence is obtained, to be explicitly considered in the analysis. However, the
number of required conditional probabilities is so unwieldy that conditional independence
of observations, and non-dependence on the order of observations, is generally assumed
[64].
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assumed to be stationary (i.e.. the model generally does not allow for changes in disease

patterns over time).

3.2 Example

The ARAMIS system of Fries [19] is one of tha most successful projects using

statistical analysis of patient data. ARAMIS was designed originally for use in an

outpatient rheumatology clinic, but then broadened to a general clinical database system

(TOD) [76] so that it became transferable to clinics in oncology, metabolic disease.

cardiology, endocrinology, and some peaiatric subspecialties. All clinic records are kept

in a flow-charting format in which a column in a large table indicates a specific clinic

visit and the rows indicate the relevant clinical parameters that are being followed over

time. These charts are maintained by the physicians seeing patients in clinic, and each

new column of data, corresponding to each new visit. Is later transferred to the computer

databank by a transcriptionist; in this way time-oriented data on all patients are kept

current The defined database (clinical parameters to be followed) Is determined by

clinical experts, and in the case of rheumatic diseases has now been standardized on a

national scale [30].

The information in the TCD databank can be utilized to create a prose summary of the

patient's current status, and there are graphical capabilities which can plot specific

parameters for a patient over time [76]. However, it is in the analysis of stored

clinical experience that the ARAMIS system has its greatest potential utility [20]. In

addition to performing search and statistical functions such as those developed in

databank systems for clinical investigation. ARAMIS offers a prognostic analysis for a new

patient when a management decision is to be made. Using toe consultative services of the

Stanford Immunology Division, an individual practitioner may select clinical indices for

his patient that he would like matched against other patients in the databank. Based on 2

to 5 such descriptors, the computer locates relevant prior patients and prepares a report

outlining their prognosis with respect to a variety of endpoints (e.g.. death, development

of renal failure, arthritic status. pleurisy. etc.).
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generated on the basis of a response index that is calculated for the matched patients. A

prose case analysis for the physician's patient can also be generated; this readable

'document summarizes the relevant data from the databank and explains the basis for the

therapeutic recommendation.

3.3 Dis,:ussion of the Methodologies

Statistival analysis ,..ystems 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 discussed in

subsequent sections. There are important additional issues regarding analysis of

statistical data, however, which we discuss below.

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

appropriate. Statistical analyses --whether based on analysis of confidence limits.

Bayesian analysis. multivariate analy..is or sore 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

properties cf 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 inc'ude deciding whether the presence of an aroitrary 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 extreme out important case in which

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

statistical ana'ysis [47]. The issue of context is complicated by the need to change

context. for example in raking a local decision that some area of an X-ray is inside Or

outside the heart, and then making a global decision about whether heart volume is

abnormal for the particular patient.

(2) Data acquisition remains a major oronlem. any systems have avoided direct
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physician-computer interaction but have then been faced with the expense and errors of

transcription.

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

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

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

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

to handle problems in data.

(4) The decision aids provided tend to emphasize patient management rather than

diagnosis For example. the ARAMIS (TOO) prognostic routines, which are desiped for

patient management. assume that the patient's rheumatologic diagnosis is already known.

(5) There is no formal correlation betwen the way expert physicians approach patient

management decisions and the way toe 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 [15], [14]. Lacking this correlation,

statistical analysis systems have a severely limited ability to explain either their

significance or the basis for their results.

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 system based on a mathematical model. Large amounts of raw data

are often summarized using mathematical techniques: computing an average is a simple

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.
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Computer-based decision aids have been applied in such domains since the issues are

generally well-defined. The actual techniques used by such programs tend to reflect the

details of the individual applications, as in pharmacokinetics (,e.g., digitalis dosing).

acid -base/electrolyte disorders, and respiratory care.

One or two cooperating experts in the field generally assist with the definition of

pertinent variables and the mathematical characterization of the relationships among them.

Often an interactive program is then developed which requests the relevant data, makes the

appropriate computations, and provides a clinical analysis or recommendation for therapy

based upon the computational results. Some of the programs have also involved branched-

chain logic to guide decisions about what further data are needed for adequate

analysis(2).

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 [32] and was

based upon his considerable experience studying the pharmacokinetics of the cardiac

glycosiaes. 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 reduced

the frequency of adverse digitalis reactions from 35% to 12% [33]. Later, another group

revised the Jelliffe model to permit a feedback loop .;.n which the digitalis blood levels

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

recommendations [56]. More recently. a third group in Boston, noting the insensitivity of

the first two approaches to the kinds of nonnumeric observations that experts tend to use

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

specific model of clinical status [26]. 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 teen recommended by their program.

(2) "Branched-chain" logic refers to mechanisms by which portions of a decision
network can be considered or ignored depending upon the data on a given case. For
example, in an acid-base prolram the anion gap might be calculated and a branch -point
Could then determine whether the pathway for analyzing an elevated anion gap would be
required. If the gap were not elevated, that whc'e portion of the logic network could be
skippeo.
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4.2 Example

Perhaps the best known program in this category 1 - '.he interactive system developed

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

assessment of acid-base disorders [4], it was later expanded to consider electrolyte

abnormalities as well [5], [6]. 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 init al data so

that only the pertinent sections of the extensive decision pathways created by Bleich are

explored 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.

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 cf the

reason for this was the system's inherent educational impact: physi;:ians simply began to

anticipate its analysis after they had used it a few times [5]. This significant

educational impact contrasts with a result described in Section 3.t [43]. where there was

rapid loss in benefits after the using physicians stopped using the system.

The system's lack of sustained acceptance by physicians is probably due to more than

its educational impact. however. For example, there is no feeepack in the system: every

patient is seen as a new case and the program has no concept of following a petienc's

response to prior thera:Alutic measures. Furthermore, the program generates differential

diagnosis lists Put Coes not pursue specific etiologies, this can be particularly

bothersome when there are multiple coexistent disturbances in a patient and the program

simply suggests parallel lists of etiologies without noting or pursuing the possible

interrelationsh:ps.
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Finally, the system is highly individualized in that it contains consideration of

specific relationships only when Bleich specifically thought to include them in the logic

network. Of course human consultants also give personalized advice which may differ from

that obtained from other experts. However, a group of researchers in Britain [52] who

analyzed Bleich's program along with four other acid-base/electrolyte systems, found total

agreement among the programs in only 20% of test cases when these systems were asked to

define the acid- base disturbance and the degree of compensation present. Their analysis

does not reveal which of the programs reached the correct decision, however, and it may be

that the results are more an indictment of the other four programs than a valid criticism

of the advice from Bleich's acid-base component.

4.3 Discussion of the Methodology

The programs mentioned in this section are very different in several respects, and

each tends to overlap with other methodologies we have discussed. Bleich's program, for

example, is essentially a complicated clinical algorithm interfaced with mathematical

formulations of electrolyte and acid-base pathophysiology. As such it suffers from the

limitations of all algorithmic approaches. most importantly its highly structured and

inflexible logic which is unable to contend with unforseen circumstances not specifically

included in the algorithm. The digitalis dosing programs all draw on mathematical

techniques from the field of biomedical modeling (not discussed here). Out have recently

shown more reliance on methods from other areas as well. In particular these have

included symbolic reasoning methods that allow clinical expertise to be captured and

utilized in conjunction with mathematical techniques [26].

Thus, 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 the analysis itself and in terms of

the general situation, including factors such as history, c•
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course of the patient. As in the techniques previously discussed in sections 3 and 4. the

techniques of mathematical analysis themselves provide no basis for representing and

manipulating the knowledge necessary to set up the model and to interpret its results.

5 Decision Theoretical Approaches

5.1 Overview

Bayes Theorem is only one of several techniques used in the larger field of decision

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

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

medically-oriented reviews of the fielo are available in textbooks [73]. journal articles

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

papers on this methodology [31]). and recently in a series in the journal Medical Decision

making [27]. This series describes cases referred the new Decision Analysis service at

Tufts New England Medical Center.

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

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

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

"expected value" as central to formal decision analysis [54]. Ginsberg contrasts medical

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

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

the latter category and are best approached through decision analysis [21]. 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 stews

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

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

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

Controlled by the clinician but is a probabilistic response of the patient to some action
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taken. Thus, a path corresponds to a set of choices and outcomes. For example. a

physician may choose to perform a certain test (decision node) but the occurrence or

nonoccurrence of complications may be largely a matter of statistical likelihood (chance

no0e). By analyzing a difficult decision process before taking any actions, it may be

posttele to delineate in advance all pertinent chance and decision nodes, all plausible

outcomes. plus the paths by which these outcomes might be reached. Furthermore, data may

exist to allow specific probabilities to be associated with each chance node in the tree.

(2) Expected Values. In actual practice physicians make sequential decisions based

on more than the probabilities associated with the chance node that follows. For example,

the best possible Outcome is not necessarily sought if the costs associated with that path

far outweigh those along a'ternate pathways (e.g., a definitive diagnosis may not be

sought if the required testing procedure is expensive or painful and patient management

will be unaffected similarly, some patients prefer to "live with" an inguinal hernia

rather than undergo a surgical repair procedure) Thus anticipated "costs" (financial,

complications, discomfort, patient preference) can be associated with the decision nodes.

Using the probabilities at chance nodes, the costs at decision ncoes, and the "value" of

the various outcomes, an "expected value" for each pathway through the tree (and in turn

each node) can be calculated.

expected value

The ideal pathway then, is the one which maximizes the

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

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

since formal analysis reouires expressing the varicuS costs in standardized units. One

approach has teen simry to ask for value ratings on a hypothetical scale, but it can be

difficult 'o get the physician or patient tc keep the values(3) separate from their

knowledge of the probabilities linked to the associated chance nodes. An alternate

approach has been the development of lotteries [50]. Inferences regarding values can be

made by identifying the odds, in a hypothetical 'ottery, 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.

(3) also termeo "utilities" in some references hence the term "utility theory" [51].
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(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 ace discussed in

[34] and [44].

Many of the major studies of clinical decision analysis have not specifivally

involved computer implementations. Schwartz et al. examined the workup of renal vascular

hypertension, developing arguments to show that for certain kinds of cases a purely

qualitative theoretical approach was feasible and useful [54]. However, they showed that

for more complex clinically challenging cases the decisions could not be adequately sorted

out without the introduction of numerical techniques. Since it was impractical to z.ssL. e

that clinicians would ever take the time to carry out a detailed quantitative decision

analysis by hand, they pointed out the logical role for the computer in assisting with

such tasks and accordingly developed the system we discuss as an example below [24].

5.2 Example

We briefly describe the program of Gorry et al.. developed for the management of

acute renal failure [24]. Drawing upon Gorry's experience with the sequential Bayesian

approach previously mentioned [23], the investigators recognized the need to incorporate

some way of balancing the dangers and discomforts of a procedure against the value of the

information to be gained. They divided their program into two parts phase I considered

only tests with minimal risk (e.g.. history. examination, blood tests) and phase II

considereo procedures involving more risk and inconvenience. The phase I program

considered 14 of the most common causes of renal failure aria utilized a sequential test

selection process based on Bayes' Theorem and omitting more advanced decision theoretical

methodology [23]. The conditional probabilities utilized were subjective estimates

obtained from an expert nephrologist.. Leaper et al [38] discuss the fact that, in

comparison with accurate statistics, the subjective probability estimates of experts are

frequently unreliable for decision-making (see Section 6.2). The researchers found that
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they had no choice but to use expert estimates, however, since detailed quantitative data

were not available either in databanks nor the literature.

It is in the phase II program that the methods of decision theory were employed

because it was in this portion of the decision process that the risks of procedures became

important considerations. At each step in the decision process this program considers

whether it is better to treat the patient immediately or to carry out an additional

diagnostic test. To make this decision the program identifies the treatment with the

highest current expected value (in the absence of further testing), and compares this with

the expected values of treatments that could be instituted if another diagnostic test were

performed. Comparison of the expected values are made in light of the risk of the test in

order to determine whether the overall expected value of the test is greater than that of

immediate treatment. The relevant values and probabilities of outcomes of treatment were

obtained as subjective estimates from nephrologists in the same way that symptom-disease

data had been obtained. All estimates were gradually refined as they gained experience

using the program, however.

The program was evaluated on 18 test cases in which the true diagnosis was uncertain

but two expert nephrologists were willing to make management. decisions. In 14 of the

cases the program selected the same therapeutic plan or diagnostic test as was chosen by

the experts. For three of the four remaining cases the program's decision was the

physicians' second choice and was, they felt, a reasonable alternative plan of action. In

the last case the physicians also accepted the program's decision as reasonable although

it was not among their first two choices.

5.3 Discussion of the Methodology

The excellent performance of Gorry's program, despite its reliance on subjective

estimates from experts, may serve to emphasize 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 were for deDombal's purely Bayesian
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approach [38]. Gorry suggests this may be simply because the decisions made by the

program are based on the combination of large aggregates of such numbers, Out this

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

distillation of the clinical domain in A formal decision tree gives the program so much

more knowledge of the clinical problem that the quantitative details become somewhat less

critical to overall system operation. The explicit decision network is a powerful

knowledge structure, the "knowledge" in deDombal's system lies in conditional

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

these probabilities are mathematically manioulated 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, as discussed

in Section 4.3. 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 institJtion which uses somewhat oifferent procedures. Overlapping or coincident

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

Bayesian foundation for many of the calcJlations still assumes mutually exclusive and

exhaustive disease categories. Problems of symptom conditional dependence still remain.

and there is 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 carrieJ 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

subseuuent 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 :69].

Psychological studies are showing the nature of the clinical reasoning of humans
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[15], [14], and attempts to model or be consistent with that decision-making process have

provided one motivation for the applications of symbolic reasoning techniques to be

discussed in the next section.

6 Symbolic Reasoning Approaches

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. The field is well-reviewed in a recent series of books [3]. [10], and

another recent book reviews the applications of AS in medicine [65]. 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 and understand spoken sentences; and programs that generate theories from

observations.

The bases for symbolic reasoning programs, and the source of their power, are

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

knowledge. In contrast, the bases for numerical calculation programs are 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 problem that seem most critical and parts of the knowledge base that seem

most relevant. They directly address the issue of context discussed above in Section 4.3

by both focusing the reasoning process and by deleting ir.'elevant 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.

A landmark paper by Gorry in 1973 first critically analyzed conventional approaches

to computer-based clinical decision making and outlined his motivation for turning to
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newer symbolic techniques [25]. He used the acute renal failure program discussed in

Section 7.2 [24] as an example of the problems arising when decision analysis is used

alone. In particular, he analyzed some of the cases on which the renal failure program

had failed but the physicians considering the cases had performed well. His conclusions

from these observations include the following four points.

(1) Clinical judgment is based less on detailed knowledge of pathophysiology than it

Is on gross chunks of knowledge and detailed

derived.

experience from which rules of thumb are

(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.

Based on observations such as those above, Gorry identified at least three important

problems for investigation:

(I) Concept formation. Clinical decision aids had traditionally had no

true "understanding" of medicine. Although explicit decision trees had given

the decision theory programs a greater sense of the pertinent associations.

medical knowledge and the heuristics for proOlem solving in the field had never

been explicitly represented nor utilized. So-called "common sense" was often

clearly lacking when the programs failed, and this was often what most alienated

potential physician users.

(2) Language Development. Both for capturing knowledge from collaborating

experts, and for communicating with physician users. Gorry argued that further
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research on the development of computer-based linguistic capabilities was

crucial

(3) Explanation. Diagnostic programs had seldom emphasized an ability to

explain the basis for their decisions in terms understandable to the physician.

System acceptability was therefore inevitably limited; the physician would often

have no basis for deciding whether to accept toe program's advice, and might

therefore resent what could be perceived as an attempt to dictate the practice

of medicine.

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

failure problem in light of these observations [49].

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.

Major research areas in Al include knowledge representation, heuristic search, natural

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

clearly pertinent to the problems we have been discussing. furthermore. Al researchers

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

they had developed in theoretical domains. This community of researchers has grown in

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

entirely to applications of Al to biology, medicine and chemistry [62](4).

Among the programs using symbolic reasoning techniques are several systems that have

been particularly novel and successful. Poole and Myers have developed a system called

INTERNIST that assists with test selection for the diagnosis of all diseases in internal

medicine. A recent article summarizes the results of using INTERNIST -1 to analyze 19

trial cases reported in New England Journal of Medicine clinicopatholgical exercises [46].

The program performance appeared to be qualitatively similar to discussions of these cases

(4) Many of the Al-based systems describeo in this this article were developed on the
SJMEx -AIM computing resource, a nationally shareC system devoted entirely to applications
of Al to the biomedical sciences SUmEX-AIM computers are physically located at Stanford
and Rutgers Universities. but they are used by researchers nationwide via connections to
the TYMNET. The resource is funued by the Division of Research Resources, Biotechnology
Brahch, National Institutes of Health.
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by hospital physicians. Quantitatively, of 43 total possible diagnoses when the correct

diagnosis was known by subsequent pathological study, the expert physicians missed 21: the

hospital physicians missed 28; and the program miss,A 29. The program utilizes a

hierarchic disease categorization, an ad hoc scoring system for quantifying symptom-

disease relationships, plus some clever heuristics for focusing attention, discriminating

between competing hypotheses, and diagnosing concurrent diseases. The system designers

characterize it as a research pr,,Ject, not yet ready for routine clinical use. For the

designers. the most troublesome system limitations are its inability to reason

anatomically or temporally and its limited representation and use of pathophysiological

knowledge. In addition, the system does not yet have the well developed human engineering

features which are necessary for routine use. In an accompanying editorial, Barnett

suggests that the contribution of INTERNIST -1 should not be measured sh„ ,v by its

limita:ions 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 Al programs have been developed on relatively large mainframe computers. In

recent years. several medical diagnosis programs based on Al techniques have been made to

work on small and relatively inexpensive computers. For example, an expert system

designed for operation on a chip has been reported [75], and the PUFF program runs

routinely on a personal computer in a hospital laboratory [1]. PUFF interprets pulmonary

function test results. Taking measured data directly from a laboratory computer, PUFF

identifies the presence and severity of one or more of obstructive or restrictive diseases

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 physIclan. edited if necessary (about 9014 of the

reports need no editing). signed and entered into the patient record. The program has

interpreted over 4000 cases since it first went into routine use in 1978 at Presbyterian

Hospital, Pacific Medical Center, San Frz.ncisco.
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6.2 Example

The symbolic reasoning program selected for discussion is the MYCIN System at

Stanford University (59]. The researchers cited a variety of design conside -atiuns which

motivated the selection of AI methodologies for the consultation system they were

developing. 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 a line of reasoning that a

physician can understand;

(2) it should be able to justify its performance by responding to questions expressed

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).

Al' these design goals were based on the observation that previous computer decision

aids had generally been 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.

knowlerige of infectious diseases is represented in MYCIN as production rules, each

containing a "packet" of knowledge obtained from collaborating experts [59](5). A

(5) The production rule is a representation of knowledge which is frequeitly employed
in Al research [11]. and it has been effectively applied to Other scientific problem
dor ins [8].
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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:

(1) it is the program that determines which rules to use and how they should be chained

together to make decisions about a specific case:

(2) the rules are used by the computer program, the using physicians, and the designing

experts. Experts' rules can be translated from stylized English to internal

representation, and rules can be translated from internal representation to stylized

English for display to users:

(3) by removing, altering, or adding rules, the system's knowledge structures can be

rapidly modified without explicitly restructuring the entire knowledge base; and

(4) the rules themselves can often form a coherent explanation of system reasoning if the

relevant ones are translated into English and displayed in response to a user's

question.

Associated with all rules and Inferences are numerical weights reflecting the degree

of certainty associated with them. These numbers. termed certainty factors, form the

basis for the system's inexact reasoning in this complex task domain. They allow the

judgmental knowledge of experts to be captured in rule form and then utilized in a

consistent fashion.

The MYCIN System has been evaluated regarding its performance at therapy selection

for patients with either senticemia [80] or meningitis [79]. The program performs

comparably with experts in these two task domains. Since it has no rules regarding the

other infectious disease problem areas, however, questions regarding its acceptability t..)

physicians cannot yet be assessed.
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6.3 Discussion of the Methodology

Symbolic reasoning techniques differ from the other meth,dologies 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 Al programs tend to be developed in highly

experimental environments where sho-t 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 cn intuitive grounds.

Despite these significant limitations, the techniques of artificial intelligence do

provide a way to respond to many of Gorry's observations regarding the inadequacies of

prior methodologies as described above [25]. There are now several programs responsive to

his criticisms. The INTERNIST system has received close attention within both the

computer science and the medical communities because of its ability to make multiple and

complex diagnoses within a very broad problem domain. The psychological research into the

nature of diagnosis shows the complexity of the process followed by humans and the

richness of the knowledge used in following that process. The INTERNIST system 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.

Szolov its and Pauktr 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

[64]. They identify several serious deficiencies of current Systems. For example.
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termination criteria are still poorly understood. Although INTERNIST can diagnose

simultaneous diseases, it also pursues all abnormal findings to completion, even though a

clinician often ignores minor unexplained abnormalities if the rest of a patient's

clinical status is well understood. In addition, although some of these programs now

cleverly mimic some of the reasoning styles observed in experts [15],[14], 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.

7 Integration of multiple techniques

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

of five basic methods of computer-based decision making. No one technique is best for all

applications, and some techr.iques have strengths in the same areas as other techniques

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

develop systems which combine multiple techniques.

These integrated systems show power and promise. Bleich's system. for example,

combines techniques of algorithms and mathematical modeling, as discussed in Section 5.2.

The Digitalis program was designed to recommend Digitalis dose rates based on therapeutic

goals, clinical description of the patient state, and measured laboratory results

[]GORRY78). The program uses heuristics to develop a description, called a "patient

specific model" of an individual patient. An associated mathematical model uses the

results of heuristic analysis as input, and it produces quantitative results which are

added to the patient-specific model. Another example, the AI/MM system, represents and

manipulates a Physiological model. The program includes symbolic knowledge of anatomy and

Physiological function, and it uses simple mathematical descriptions of first principles

of physics and physiology [37]. AI/MM integrates the use of Al and simple mathematical

models. Using the current AI/MM knowledge base, the program analyzes the physiological

model to infer the behavior of the renal system. It explains tho oasis for behavior in
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terms either o, first principles or of high-level heuristics. This symbolic analysis is

used to suggest the use of, to set up, aria to evaluate the results of quantitative

analyses; quantitative results in turn are colsidered in symbolic analysis of

physiological behavior. Blum has done work in discovery of causal relations in a clinical

data base [71. Slum's program (RX) integrates techniques of artificial Intelligence and

statistics. Though not a CADM system a CADM system could be built using the insight of

RX that Al and statistics can be combined. The principal objective of RX is to automate

the process of generating and testing hypotheses about causal relations in large data

banks. RA uses knowledge about clinical medicine for generating and testing hypotheses

about new causal relations. It uses Al techniques to identify relevant knowledge and to

choose how to employ it in particular situations, and it uses statistical techniques to

test thy valioity of hypotnesized relations.

An additional example is discussed below in greater detail.

1.1 Example

Warner's group in Salt Lake City has developed a corputer-based system for

implementing clinical algorithms [70]. The HELP system is widely used within the

laboratories and patient-care areas of LDS hospital in Salt Lake City. It has been

integrated with a hospital information system. so data from the hospital laboratories.

intensive care units, and general patient care facilities can be used as input for its

decision-making capability.

The HELP system includes many simple clinical algorithms, a large data bank. some

mathematical mooels, and a prograr which uses decision-analysis methods to identify

expected values of decisions and perform sensitivity analyses. In addition to supporting

decisions about individual patient care. the contents of the data bank can be analyzed

statistica iiy to improve the clinical algorithms. Thus, uncertain decisions can be

analyzed with Bayes' theorem using probabilities derived

loal hospital population.

the results of treating the

the system provides editing and display facilities both for

users and for designers of new HELP nodules. or "sectors".
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The heart of the system Is a set of simple data interpretation and decision-making

algorithms encoded in HELP seCtors. A representative HELP sector describes an algorithm

which says that if tnere is Grade I or II aortic regurgitation in the angiographic data.

and aortic valve area is less than a specified value, then the patient has severe aortic

stenosis.

The HELP system is remarkable for its integration of computer-assisted decision-

making into the hospital information processing system. More than any other system. the

HELP system integrates the process of collecting. reporting and interpreting the clinical

significance of all the data in a large hospital. One of the clear features of the system

is its explicit focus on decision-making. Unlike a "hospital information system". which

focuses on information rather than decisions. the HELP system always has a clear focus on

the purpose for which information is collected, in addition, it integrates different

techniques of decision-making: clinical algorithms, statistical analysis and decision

analysis. Another feature of the HELP system is that is designed for efficient,

economical operation now, with available minicomputer technology.

7.2 Discussion

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

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

appears to have important benefits from the perspective of the user. The HELP system is

an integrated system. The system provides current patient data, data about similar kinds

of patients who have been seen in the institution; it suggests the common implications of

the patient data, as conceived by thoughtful experts. It uses algorithms and

mathematical . statistical, and decision-analysis techniques for identifying the

implications of the data of an individual patient. Thus, from an Integrated system. the

user can obtain the data and the analysis of the data by several specialized scientific

disciplines.

In addition. the Integrated system offers great power to the expert decision-maker.

The HELP system provides a collection of tools which the decision-maker can use in a CAM
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system for assisting problem-oriented patient management. To the extent that problems can

be inferred from data. the HELP system itself can assist in identifying clinically

important problems. The system's algorithms can assist the user to validate the accuracy

of any given problem or Lo determine the effectiveness of therapy. The system provides

the mechanism to use the techniques of mathematical, statistical or decision analysis as

appropriate.

Technical limitations to the HELP system may partially account for the failure of the

research community to build on its concepts. The HELP system lacks the reasoning ability

associated with Al techniques. Thus. it has limited ability to address the issue of

context as described in the discussions of Sections 3-5. Because of the way its knowledge

is represented explicitly as procedures, it can only answer questions which its designers

planned on its answering. As Bleich's program (discussed in Section 5), the HELP system

is limited by its dependence on simple algorithms. In contrast. Szolovits remarks. the

fundamental insight of the MYCIN investigators was that the complex behavior of a program

which might require a flowchart of hundreds of pages to implement as a clinical algorithm

could be reproduced by a few hundred concise rules and a simple recursive algorithm

(described in a one-page flowchart) to apply each rule just when it promised to yield

information needed by another rule" [65].

8 Conclusions

This review has shown that there are two recurring issues to confront in considering

the field of computer-based clinical decision making:

(I) How can we oesign systems that help physicians to reach better, more reliable

decisions in a broad range of applications. and

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

intended users?

We shall summarize by reviewing these points separately.
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Central to assuring a program's adequate performance is a matching of the most

appropriate technique with the problem domain. We have seen that the structured 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

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

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

non-overlapping, and well-defined, but the lack of higher level domain knowledge limits

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

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

well-described fields in which observations are typically quantified, and related by

functional expressions. These examples, and others, demonstrate the the need for

thoughtful consideration of the technique most appropriate for managing a clinical

problem. In general the simplest effective methodology is to be preferred, but

acceptability issues must also be considered as discussed below.

Recent work shows the potential of combining two or more techniques for processing in

a CADM system. The systems of Bleich and Warner (see Sections 5.1 and 8.1) each show that

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

any of the techniques individually used in these systems. In addition, there seems to be

a special opportunity for combining At with the quantitative techniques of statistical and

mathematical analysis anc, potentially, with decision analysis. At offers a formalism for

representing and manipulating the heuristic knowledge of expert human problem solvers.

This heuristic knowledge canoe used to address the issue of recognizing or establishing

an appropriate context for using some processing technique, and heuristic knowledge can be

used to assess the qualitative clinical significance of computed results. Thus, for

example. Yamomoto suggests that mathematical models might be incorporated into AI-based

systems
le
[78]. AI/MM uses Al and simple mathematical models; it uses quantitative and

gualitative proDlem 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
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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 decisicn making task. Some clinical algorithm developers, for example, have

discarded the machine [57], [67], and Schwartz et al. pointed out that a useful decision

analysis can often be accompli,hed in a qualitative manner using paper and pencil [54].

Similarly, it is appropriate to ask whether complex computer processing is needed 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 quickly and run

economically.

Finally, however, it is important to consider the extent to which a program's

"understanding" 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 uegree of judgmental or structural knowledge

(as opposed to data) that is contained in the program Analyses of human clinical

decision making [15]. [14] 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. It

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

engineers" in the sense that they will 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 outside of the

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

excellent! This suggests that it may be an error to concentrate our research effort

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

evidently much more required before these systems will have clinical impact. An editorial
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critique suggests tnat issues of terminal design and interface between user and computer

must be addressed effectively before computers will have a substantial impact in clinical

medicine [18]. It is tempting to conclude that the biases of medical personnel against

computers are so strong that systems will inevitably be rejected, regardlbss of

performance, and in fact there are some data to support this view [63]. However, we are

beginning to see examples of applications in which initial resistance to automated

techniques has gradually been overcome through the incorporation of adequate system

benefits [71].

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 demand from the

hospital community for computer-assisted decision-making; unwillingness of vendors to

develop a product for which there is limited apparent demand; and limited convincing

validation 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. that we described in Section 3.2 [45]. 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 acceptar•ce in this

instance is the fact that these physicians had 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-patient rel -,tionships and helped the patients avoid frequent

long trips to the center. The motivation for the physician to use the system is clear in

this case. It is reminiscent of Rosati's assertion that 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 [53].

A heightened awareness of "human engineering" issues among medical computing

researchers is also apt to help improve acceptance of computers by physicians. Fox has
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recently reviewed this field in detail [17]. The issues range from the mechanics of

interaction at a computer 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 severe time constraints perceived by

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

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

similarly likely to explain the greater resistance to automation among interns and

residents than among medical students or practicing physicians in Startsman's study [63].

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

muLh 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.

In summary, the trend towards increased use of knowledge engineering techniques for

clinical decision programs has been in response to desires fur both improved performance

and improved acceptance of such systems. As greater experience is gained with these

techniques and they become better known throughout the medical computing community, it is

likely that we will see inreasingly 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 sci,nce research to be done in medical computing, and that

the field is more than the application of established computing techniques in medical

domains.
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