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Abstract

Much of the medical knowledge in the first generation Al in Medicine programs is phencmenological;
that is, it describes the associalions among phenomena without knowledge of the wrderlying caussal
machanisms.  Although these AIM programs provide a good firsl approximation to the way clinicians
reason, they fail to reproduce cliskicians' reasoning based on a deepér understanding of the phenomena.
More specifically, they do not deal with the knowledge of disease at different lewels of detail, nor da tFsary
utilize causal refations to organize and explain the clinical lacts and disease hypatheses. They also cannot
doal with ilinesees resulling from mulliple diseases, eapecially when one disease altors the presentation of
the-olhers. Finally, they are unable to caplure the notions of adequacy and parsimony thal play such a
large rode in diagnosis. To explore these issues and rectily these deficiencies, we have underlaken the task
of providing expert consultation for electrolyte and acid-base disturbances.

This thesis reports the implesmeniation of ABEL, the disgmostic component of the consultabon
program. In it, we explorg the problems of modeling the causal understanding of & patient’s illness. We
develop technigues for dealing with illnesa resulting from mulliple interacting diseases. We describa a
muit-level representation of causal knowledge, and explore issues ol the aggregation-of available case
specific knowledge into concisa summaries of the palient's illness. We discuss structural critera for
evalualing parsimony, coherence and adequacy of diagnostic explanations. We also explore some of the
issues invalved in information gathering and propase expectation-driven diagnostic planning as a means of
improving it. Finally. we discuss the issues of explanalion and justilication of the program’s underslanding
and argue that these facilities are crucial for accepdability of a consullalion program.

Thesis supernvisor: Peter Szolovits
Associate Prolessor of Electrical Engineering and Computer Science

-
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1. Introduction

In a 1870 article reviewing the role of emerging computer technology in medicine, Dr. William
B. Schwartz notes

“If conventional remedies will not meet the demands imposed by soclety’s
troad commitment o exlensions of health care, It s clear thal new, avan
herefical, strategies musl be devised. One such siralegy will aimos! certainly
invotve exploitation of the computer as an “infellectual,” “deductive” insirument
— & consuitant thal is buill inko the very structure of the medical-care System and
that augments or replaces many radilional activities of the physician. Already.
several inferasting steps have been faken in an alfempl 1o extend the compuler's
rle il this realm .. Indeed, it seems probable thal fn the not boo distant fufure
the physician and the computer will engage n freguent dialogue, (he compuler
continuously taking note of history, physical flindings, laboratory data, and the
like, alerting the physician to the most probable diagnoses and suggesting the
appropriate, sales! course of action. One may hope thal the computer, well
equipped lo store large volumes of information and ingenlously programmed lo
assist in decizion making, will help free the physiclan to concenirale on the lasks
that are uniguely human such as the applicalion of bedside skils, the
managemeant of the emolional aspects of diseases, and the exercise of good
judgrment in the nonguantifiable areas of clinical care,”™

— Medicine and the Computer [Schwartz70, page 3]

The decade following these prediclions saw a rapid growth in the field of Artificial inteligence
in_Medicing (AIM) culminating in many promising programs, among which are Internist-|
{PopleTT], the Present liiness Program (PIP) [Pauker78], CASNET /Glaucoma [WeissT4], MYCIN
[Shortliffe?8) and Digitalis Therapy Advisor [Pauker76]. These programs represent the first
efforts in the use of Al technigues in medical decision making, and can be characterized as the
“first genaration AIM programs™. They have clearly demonstrated the feasibility and usefulness
of Al techniques. Most of thesa programs have, in some trial, been judged to malch expert
physicians in their competence — this is indeed an outstanding achievement.

It is natural to question then: "What are the limits of their expertisa? Why aren't we
implamenting ﬂieae programs in many more areas of medicine and distributing them for clinical
use? To answer these guestions we must take a deeper look at the programs and their
performance. For example, although they are (on average) outstanding on their core set of
anticipated applications, their performance can also be non-uniform; it tends to degrade rather
ungracefully just outside their domain of expertise. Furthermore, these programs may be misled
on difficult cases involving complex interactions or mulliple disorders, even if these cases fall wall
within their domain of expertise. This leads to the ineyitable conclusion that although the models
of mprasm:rtaﬁnn and deduction used in these programs are capable of providing moderale
coverage over the area of application, they are nonethelass inadequate.
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These observations have led 1o a re-avaluation of the techniques used in the first generation
of AIM programs. The following insights have been gained by this evaluation. Firstly, the notion
of causality is inadequately exploited in the first generation AlM programs [Smith79, PatilTg,
PopleB1]. They do not utilize the structure provided by causal relations to arganize the patient
facts and disease hypotheses. They fail to caplure the human notion that explanation shoubd rest
on a chain of cause-effect deduction. Secondly, they cannot deal with the effects of more than
one disease present in a patient simulfaneously, especially when one of the diseasas allers the
presentation of the others. Thirdly, they do not deal with the knowledge of a disease
phenomenon at different levels of detail that a physician clearly has, Finally, the numeric balief
measures as used by the first generation AIM programs do not provide adequate criteria for
diagnostic reasoning. They are unable to capture notions such as adeguacy and parsimony of a
diagnostic possibility.

Much of the medical knowledge contained in the first generation AIM programs can be
characterized as being phenomenological, that is, it describes the associations among
phenomena without the mechanisms wnderlying the observed associations. Such
phenomenalogical descriptions provide a good first approximation to the way physicians reason,
but they fail to capture the physicians' reasoning in recognizing and dealing with the inherent
discrepancies in their knowledge and with deduction based on deeper understanding of the
phenomena. Contrasting the behavior of the first generation AIM programs and human experts,
Szolovits notes:

“Consider whal happens when two “rules of thumb™ (as we may identify a bit
of phenomenological knowledge in medicine) conficl, Every AIM program wrilten
s far evaluartes that conflict by reducing it to a numarical judgment of kelihood
for certainty, belief, efc.) in the hypotheses it holds: Mycin compules a révised
certainty factor, CAENET compules new weighis, Infernisl compules miw SC0Fes,
and the digitalis program offen compuies a weighled sum of Is observalions o
evaluate their joint effect. Thus, conflicl, just as agreamenl, s reduced (o a
manipulation of sfrength of beliel. Yel, by confrast, we balieve [hal human expens
make a much more powerlul use of oecasions where they delec! canflicf. They
are nol salisfied by a simple revision of their degree of beliefl in the hypotheses
which they have previowsly held, they seek a deeper, more defailed uaderstanding
of the causes of the conflict they have defected. For it is jusl al such mes of
conflicting information that inferesting new lacels of the problem are visible.
Conflicts provide the occasion for confemplaling a needed re-inlerprelation of
previously-accepted dala, the addition of possible new disorders o the set of
hypotheses under consideration, and the reformwlation of hypothesas thus far
foozely held info 8 more satisfying, cohesive whole. Much of human experls’
abifity to do these things depends on their knowledge of the domain in grealer
depth than whal s typically needed fo interpret simple cases nol inwvalving
conllict.” ;
—Artificial Imelligence and Medicine [SzolovitsB1a, pages 16-17)

To mowve boyond the somelimes fragile nature of today's programs, we holieve that fulure Al
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programs musl contain medical knowledge similar In depth of detail to that used by expert
physicians.  They must have anatomical, physiological and pathophysiological knowledge
sutficiently inclusive in both breadth and detall lo allow the expression of any knowledge or
hypothesis that usefully arises in medical reasoning.

One of the imporiant areas of medical diagnosis not adequately addressed by the first
generation of AIM programs is the evaluation of the effect of more than one disease present in the
patient simultaneously. especially when one of the diseases allers the presentation of the athers.
For example, let us consider a patient with diarrhea and vomiting leading to severe hypokalemia.
Let us also suppose that we know about the diarrhea, but we are not aware of the vomiting. The
observed hypokalemia is too severe to be properly accounted for by the diarrhea alone and
therefore diarrhea cannot be considered as complete explanation for the observed hypokalemia.
Given this fact, the diarrhea is either not responsible for hypokalemia or is only partly responsibla,
If the: diarrhea is not responsible, then lurther reasoning is relatively sasy: the problem simplifies
to finding the actual cause. However, if diarrhea is partly responsible, a correct partitioning of the
total observed hypokalemia between its two suspected causes is required, with a judgment of how
well the two separate causes combined in the estimated proportions account for the patient's
condition.! Motice how nadequate the simple assignment of a probability linking diarrhea and
hypokalemia (as is commonly done in existing programs) is to capture the problem baing
described hers,

The complexity and depth of medical knowledge is well recognized [SzolovitsT8]. Our
understanding of medical expert reasoning suggests that an expert physician may have an
understanding of a difficult case in terms of several levels of detail. At the shallowest lavel that
understanding may be in terms of commonly occurring associations of syndromes and diseases,
whereas at the deepest it may include a biochemical and pathophysiclogical interaction of
abnormal findings. While it may be easier for a program to reason succinctly with medical
knowledge artilicially represented at a uniform level of detail,® a range of representations are
needed to reason at a sophisticated level of competence [Patilé1]. Unfortunately, very little
attention has been paid 1o developing methods for coping with it. We take this as the central
issue of this thesis,

1. All the previous programs allow the entire hypokalemia o be accounted lor by diarrhea. In particular,
intermest:| after allowing the hypokal@mia to be accounted for by diarrhea will not allow hypokalemia to lend
any suppart to the hypothesia of vomiling. PIP, on the other hand, will allow the entire hypokalemia to lend
suppart o the fypothesis of vomiting as well as allowing it to be explamed by diarrhea,

2. This does not pose sorous dilficulty in medical domains whore the plhophysiology of diseases is not
wall developed, bocause in such a domain a physician relies primarily on his phinomenological knowledge.
However, in & domain such as electrolyle and acid-Bose disturbances we are constanily faced wilth this
problom because, on the one hand, the pathophysiology of the disturbances s well developed, and on the
othcr, the pathophysology of many of the dioeases leading 1o these disturbances s relabively poarly
undoershond.
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Fimally, we believe that the numearical (probabiistic or psesudo-probabilistic) belief measures
as used by the first generation Atk programs for confirming diagnoses and guiding the diagnostic
search do not provide adequate criteria for diagnostic reasoning. We balieve that the evaluafion
mathods for confirming & disease hypothesis should ba different from the methods used for
choosing the most promiging disease hypothesis for diagnostic pursuit. A single criterion is
almost cerfain to be inadequate for both these tasks., Furthermore, we believe that the
probabilistic model by itself s inherently inadequate. For example, it fails to take Into account the
causal nature of the disease mechanisms, it fails to capture the notions of parsimony, coherence
and adequacy of diagnostic explanation. In a study of problem solving activity of clinicians,
Kassirer and Gorry note that

“In paraliel with the processes by which the physicianz built & case toward &
final diagnosis, they assessed each disgnosis for goherence and gdeguacy. . (A
diagnasis was considered coherent if all the symptoms and diseases contained in
it were causally related to each other, A diagnosis was considered adequale
when it accounted for all all known facis.) ... The physicians sfrove o allain
parsimonious explanations for the lindings and fo accepl a single explanalion
rather than make two or morg diagnoses unless they ware foreed (o do 50,

— Clinical Problam Solving [KassirerTB, pages 240-250]

It is one of the central themes of this thesis that these problems cannot be avoided by relying
solely on the numerical scoring mechanism; the programs must be provided with structural
criteria to evaluate the disease hypotheses,

It is our balial that modaling the program’s understanding of the patient's illnass is crucial to
capturing the axpertise of clinicians. In this thesis, we will explore some of the issues involved in
ropresenting diagnosis. We will develop tlechnigues for reconciling physiological reasoning with
phenomenological reasoning and explore issues of aggregating all the available knowledge intd
concise summaries of the patient's illness. We will discuss structural criteria for evaluating
parsimony, coherence and adequacy of diagnostic explanations. Wa will also explore some of the
izsues involved im information gathering and propose expeciation-driven diagnostic planning as a
means of mproving it. Finally, we will discuss the issues relating to explanation and justification
of the program’s understanding.

To study these issues, we have chosen the task of providing expert consultation in cases of
glectrolyte and acid-base disturbances. The research prasented in this thesis, the development
of a program called ABEL (Acid-Base and ELectrolyte program). is a parl of this overall effort. 'We
describe a novel mechanism for representing ABEL's unclerstanding of a patient's illness. This
understanding s represanted using a collection of data-structures called the pafient-specilic
mradels (PSS Each PEM confains 8 hypothesis Stricture containing all knmemn data abaot the
patient, all currently held possitde intorprotations of thooe data, the caosal inferconnoctions
aman the known dota and tenable bypothason, oand some indication of allormative inbepeetations



infroduction 1

and their relevant evaluations. We describe the representation of medical knowledge and the
processing strategies neaded to enable ABEL to consfruct a PSM from the inifial data presanted
o the program. The same representations and procedures are also used in revising the PSM
during the process of diagnosis. Each PSM can be viewed as a partial explanation of the patient's
ilinass.

Diagnostic problems are formulated by Identitying the weaknesses and conflicts in the PSMs
and by compuling a diagnostic closure (DG) for each PSM. A DC associated with a PSM
represents & collection of alternative completions of the partial explanation provided by the PSM.
it brings together all the dependencies and expectations necessary for diagnostic inquiry, for
evaluating real and apparent discrepancies in the incoming iformation, and for expiaining the
diagnostic atternatives under consideration. A plan for diagnostic inquiry is generated by
decomposing a top level diagnostic problem into simple problems which can be directly solved by
a guestion to the user. Finally, when an inquiry Is completed, the new information gathered is
assimilated into the PSMs and the diagnostic process is repeated.

1.1 Scope of Project

This thesis has three main objectives. The first is 1o develop a representation of causal
medical knowledge. The second is to develop a case-specific “understanding™ of illness. This
understanding should be capable of describing subtle interactions between diseased and normal
physiological mechanisms, and therapeutic interventions. The third is to develop a set of
reasoning procedures to combine the aggregate phencmenclogical knowledge of disease
associations with the detailed pathophysiclogical knowledge of disease processes. The first of
these, the phenomenclogical knowledge, is necessary for efficient diagnostic exploration; the
second, the pathophysiological knowledge, is necessary for proper understanding of a difficult
case. The research reported in this thesis is conducted in the larger context of an Expert
Consultant for Electrolyte and Acid-Base Disturbances [Patil?9]. This section briefly reviews the
organization of the overall system,

The objective of an expert medical consultant is to advise in the proper management of a
patient. Proper management consists of collecting the relevant information aboul the patient,
entifying the disease processies) responsible for the patient's iliness, and prescribing a proper
courss of aclion to correct the patient's condition. One of the complexities of this task is due to
the fact that these sublasks do not have well defined boundaries. The patient may be presented
to-a-clinician-at different stages of a disease's evolution and treatment. During the coures of
management new information about the past history may become necessary as the diagnostic
hypotheses evolve, The current diagnosis may depend on information that is presently
unavailable. The disease itself may evolve through tirde, providing additional clues to its identity,
or the response to certain therapeutic interventions may provide valuable diagnostic information.
Finally, the patient's condition may require therapeutic intervention even belore the diagnostic
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issues can be reasonably resolved. Therefore, the next course of action must be chosan from a
large range of alternatives. These alternatives may be broadly classified as gathering information
(much of which may turn cut to be irrelevant in the evolving clinical context), ordering tesls
(possibly involving expensive time delays and/or clinical costs), waiting for further developmaent,
prescribing therapy or some combination of the above. At every stage of consultation, the
program must be abde to choose between the alternative sals of actions with the patient's best
interast in view. This can be achieved only by developing a program capable of forming a
diagnosis, suggesting a therapy and making decisions. With this perspective we have embarked
on the design of the Electrolyte and Acid-Base Consultant system. We have tried to separate and
modularize different components of a physician's knowledge and expertise so as to be able to
evaluate our understanding about each component and their interactions. This modularization
should also allow us to lurther experiment with any component of the system without having o
reimplemant the entire program. A top level schematic for the overall system is shown in figura 1.

The Electrolyte and Acid-Base Consultant system consists of four major components: (1) the
Global Decision Making component, (2) the Diagnosis component, (3] the Therapy component
and (4) the Patient Speciiic Model. The patient specific model describes the physician's

Fig. 1. A schematic for the overall systam

Decision
Module

Patient-Specific
Modal

Therapy
Module

Diagnostic
Module




Scopeof Project 14

understanding of the state of the palient at any point during diagnosis and management; it is
intended 1o be the central data structure which other components of the system may reason with,
The global decision making component is the top level program which has the responsibility of
calling the other programs with specific tasks. In general, the global decision program will call the
diagnostic program with a task such as taking the initial history and elaborating some specific
diagnosis. The diagnostic component then performs the specified task and repaorts the results to
the main program. It also modifies the patient specific model to reflect the revised state of the
patient. Similarly, if the global decision making program calls the therapy selection program, it
attempts to formulate a set of alternate therapies for the patient along with a check list of items
that must be tested before any specific therapy can be recommended. I also identifies
infarmation that will help discriminate between alternate therapy recommendations. Note that at
every slep the global decision maker can evaluate sach of the possible sats of actions and choosa
the most desirable one. The decision making componant will allow the program to make explicit
the decision making thal goes on in a physician's reasoning: is further diagnosis nacessary, what
treatment should be selectad, should he wait before prescribing further treatment, can he choose
some therapeutic action that would also provide diagnostic information making further diagnosis
at this point unnecessary?

This thesis deals primarily with the development of the patient specific model which describas
the program’s understanding about the patient's illness. We have locused here because we
believe that the level of expertise achievable by the program is inherently dependent upon the
expressive capabilities of the patient specific model. The program can reason about subtle
interactions between diseases In a glven patient only if it can describa these inleractions in the
context of the patient. In addition a preliminary implemenltation of the diagnostic componant to
demonstrate the use of this patient-specific model is also discussed.

1.2 Cholee of Domain

Careful selection of a domain is crucial for developing an application program. The domaln
chosen must be small enough to allow one to build a knowledge-base in a reasonable amount of
time, and yet large enough 1o allow for realistic testing of the new ideas baing implemented.
Furthermore, the domain should be well defined and should lead to useful application, so that the
program can be field-tested under realistic conditions. We have chosen the domain of electrolyte
and acid-base disturbances as the test-bed for our theories of medical diagnosis

The domain of electrolyte and acid-base disturbances ks a well defined and relatively narrow
area of madicing. It is an ideal domain for testing our theories about interactions between causal
(physiological) reasoning and phenomenological (syndromic) reasoning, as on one hand the
basic pathophysiolagy of the acid-base l:listurhnnn:a:; is well developed, and an the other, the
pathophysiology of the diseases leading to these disturbances is relatively poorly understood.
Thus constanily forcing us to develop reasoning mechanisms thal can deal simultaneously with
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well understood causal knowledge and poorly understood phenomenological knowledge, In
addition, the feed-back nature of the electrolyle and acid-base homeostatic mechanism provides
us, in a microcosm, with a variety of issues relating to “dynamic" syslems that must be addressed
in the management of a patient’s illnass.

Electrolyte and -acid-base disturbances are a common complication of a large number of
serious linesses and medical interventions. In spite of their prevalence, this remains an area that
most practicing physicians find somewhat difficult to deal with. This makes the field of acid-base
disturbances an attractive domain for introducing expert computer consultant programs. One of
the earliest programs for medical consultation [Bleich72] was in fact introduced in this very area.

Owur primary concern, however is nol with electrolyte and acid-base disturbances per sa. Qur
basic purpose is to use this domain as a vehicle for evaluation of the gxisting techniques and
development of new techniques for diagnosis and management of a patient's Hiness. In
particular, in this thesis we will develop techniques for providing a coherent account of a patiant's
liness which incorporates the pathophysiclogical understanding of acid-base disturbances with
the aggregate phenomenological understanding of the diseases causing these disturbances.

1.3 Brief review of Electrolyte and Acid-Base Disorders

In this saction we briefly describe the electrolyte and acid-base disturbances. This secthon is
not intended as a full review of the subject matter, but is presented hera 1o provide the readers
with a framework for understanding the medical examples used in this document. Each exampha
used in the document Is accompanied by an explanation of the relevant medical knowledga.

Fluid and electrolyte disturbances usually occur as complications of an underlying Himess,
therefore these disorders must be viewed not as isolated entiliss but in the context of the specific
clinical settings in which they appear. As general background to the following discussion, it
should be remembered that approximately 50 to 60 per cent of the bady (by weight) consists of
water distributed - between the —intraceliular —(within —calls) and extraceliular (outside cells)
compariments. Water moves freely across cell boundaries, maintaining osmotic equilibrium
between the different compartments. By contrast, owing to differences in thair permeablity and
active lonic pumps, the elecirolyles are distributed in an asymmatric pattern, most of the ions in
extraceliular luid consisting of sodium, chloride and bicarbonate and those in intracellular Auid of
potassium and organic anions, Regulation of the external environment of cells, that is, the
eectrolyle concentration and acidity (pH) of the body fluids, is of primary importance.
Perturbations in the regulation of this environment is the subject of electrolyte and acid-base
disturbances.
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The pH of the body fluids is regulated by three mechanisms: (1) the body bulfers, (2)
pulmonary regulation of the concentration of CO5 in the body, and (3) renal excretion of acids
and alkali. They act in a complementary tashion, first to minimize transient changes and then to
corract any disturbances in acid-base balance by appropriate retention or excrefion of hydrogen
ions. To understand the machanism of acid-base disturbances, it is instructive to consider the
way in which the body deals with the normal daily acid load in maintaining a steady-state of
acid-base aquilibrium.

As food s oxidized to provide metabolic energy, both carbon dioxide (carbonic acid) and
acids such as sulluric and phosphoric acids are added to the extraceliular fluid. They are
immediately buffered to minimize the change in pH and Iransterred to the lungs and kidneys for
excretion. Carbon dioxide is excreted almost entirely by the lungs while the other acids are
axcreted solely by the kidney. Bicarbonate is regenerated by the kidney as it excretes the excess
acid, replenishing the bicarbonate stores thal previously were depleted by the buffering of the
dietary acid. From all these considerations it is evident that derangements in gither the pulmonary
of renal function, or the imposition of stresses that overwhalm normal regulatory mechanisms
(such as vomiting, diarrhea, burns, elc.) can be expected to produce disturbances of acid-base
equilibrium.

The equilibrium equation of the major buffer system in the extracellular fluid, the carbonic
dcid — bicarbonate buffer system, is shown in ligure 2. This equation allows ready visualization
of the directional changes that can be anticipated in both metabolic and respiratory disturbances
of the acid-base equilibrium. For example, a primary reduction in bicarbonate concentration
imetabolic acidosis) will cause the reaction to shilt to the right, thus increasing hydrogen ion
concentration, whereas a primary elevation in bicarbonate concentration (metabolic alkalosis)
will cause the reaction to shilt to the left, thus decreasing hydrogen ion concentration. Similarly,
a primary rise in pCO,, increases the hydrogen ion concentration (respiratory acidosis), and a fall
has tha reverse effect (respiratory alkalosis). However, the presentation of these disturbances |s
somewhat more complicated owing to the fact that the body reacts to these changes and attempts
o compensate (in part) for the effect of these changes. Furthermore, different compensating
mechamsms respond at different rates. A disturbance which has been properly compensated is
called compensated, otherwise it I8 called wncompensated. The actual changes in the
bicarbonate — carbonic acid concentrations in these disturbances is shown in figure 3. The
nomogram of acid-base disturbances [Schwartz85, CohenGE] shown in figure 3 summarizes the
normal physiologic response lo the changes in HCO4 and p-CGE for each of the acid-base
disturbances described above.  For example, the nomogram shows that for a patient with
adequately compensated metabolic acidosis and with serum concentration of H{:{}a of 15 meg/L
thie pCO4 will be approximately 30 mmHg. The use of this nomogram for initial evaluation of a
patient's achd-base state will be discussed latar. ’
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Fig. 2. Carbonic acid - bicarbonate buffer aquation
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The most frequently encountered clinical acid-base disorders occur as single disorders (also
called simple disorders). The single disorders are: metabolic acidosis, metabolic alkalosis,
respiratory acidosis, and respiralory alkalosis. There are, however, many clinical siluations in
which combinations of two or three disorders occur simultaneopusly, giving rise o mixed
disorders. The recognition of mixed disorders s predicaled upon a clear understanding of the
pathophysiologic effects of simple disorders. To diagnose mixed disorders, one must know how
each of the four simple disorders named above alter pH, pCO5 and HCO4 and the extent of renal
or respiratory compensation that ought to occur for any given degree of primary disorder.
However, since each of the disturbances can be caused by a variety of physiological states or
diseases, the final differentiation between possible acid-base disorders must be made primarily on
the basis of clinical information.

An important test in the diagnosis of electrolyte and acid-base disturbances Is the laboratory
analysis of a pationt's blood sample, Also called the serum electrolytes, this test measures the
concentrations of sodium [Ma), potassium (K), chloride (CI), and bicarbonate :I—IDDEJ. Very often
a fest for concentration of creatining is also made.  This lest does nol, hawever, measure the
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Fig. 3. Homogram of acld-base disturbances

concentrations of anions such as phosphate, sulfate, proteins, and organic acids which are
normally present in the blood in small amounts. The combined concentrations of these
unmeasured anions is called the anion gap. The anion gap can be approximated by subtracting
from the combined sodium and potassium concentrations the combined concentration of
chloride and bicarbonate, an amount normally approximately 12 meg/L.

Determination of the anion gap is vital 1o Ihe diagnosis and differentiation of metabolic
acidosis, The anion gap differentiastes metabolic acidosis info two categories: one with an
increased anlon gap and other with a normal anion gap, Metabolic acidosis with an increased
anion gap is generally caused by increased preduction or impaired exeretion of HY and
unmeasured anions by the body. For example, diabetic keloacidosis, in which the acidosis results
from increased production of ketones, On the other hand normal anion gap acidosis is generally
caused by loss of HCOs, For example, diarrhea, in which HC Oy rich gastrointestinal fluids are
lost.
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1.4 Desiderata

In this saction we discuss some of the characleristics required of the program if it Is to be
usaful and effective as an expert consultant. They also serve as guiding principles for designing
and evaluating the program. They are incleded here to communicale our aspirations. The goals
described below have not baen fully realized by the research reported here, nor can they all be
fully realized by the current state of AIM technology, These characteristics ara:

1.4.1 Making a Correct Diagnosis

The primary responsibility of the diagnostic program Is to make a coerrect disgnosis. Without
fulfilling this criterion, the program offers lithe possibility of being clinically useful. Although the
issues involved in the evaluation of the efficacy of diagnosis by a program (or by a clinician) are
difficult and controversial, it is clear that the diagnosis arrived at by the program must be a
reasonable and thorough diagnosis in the light of the available information. Furthermore, a
distinction must be made batween a working diagnosis and the correct diagnosis. In practice, a
correct diagnosls is often impossible owing to the high cost (medical and economic) of the
information necessary to achieve it. A criterion for deciding when a working diagnosis has been
achieved (for the purpose of management of a patient) should weigh the costs of gathering
further information in terms of morbidity, time and money vs. the banefits of better diagnosis in
terms of an improved managemeant plan and a more reliable prognosis, For example, in siluations
in which the management plan for each of the diagnostic possibilities is the same, attempts to
distinguish between diagnostic alternatives does nol have any immediate utility. Hence, the
working diagnosis should be considered sufficient. It should, however, re-evaluate the diagnosis
as new information becomes avallable from the evolution of the disease or from the patient's
responss bo therapy,

1.4.2 Conlinued Management of the Patient

Typically, a patient is examined by a physician more than once. The interaclion between the
patient and the physician can be divided into the initial interaction and the follow-ups. The
follow- up sessions are used by physicians in evaluating the management plans and in refining the
working diagnosis: —In the majority of cases, follow-up sessions are essential for the proper
practice of medicine. Furthermore, the ability to review the diagnostic decision during follow-up
allows a program to revise ils erroneous or incompleta conclusions.

1.4.3 Diagnostic Style

The diagnostic style used by a program is almost as important as reaching the correct
diagnosis. Although good style is hard to characterize and even hardor to embody in a program,
certain aspects of dingnnatic style are recognizalle.  For example, if the program puisees some
low prionty didgnostic probdeos in the face of more impartant issues, if it ignores o problem of ke
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threatening character, or if tha stream of questions seem pointless (i.e., if the program continues
to ask questions when it should have been prescribing treatment), it is likely to be rejected by the
user physician.

We wish to design-a program which will exhibit focused, coherent and purposelul behavior in
problem solving and will know when to call a halt to its question and make an interim diagnostic
judgment. In a later section we will discuss how some of these requirements can be met using
nations such as hypothetical reasoning and planning.

1.4.4 Mode of Interaction

A distinction is often made between two forms of data acquisition in diagnosis: active and
passive [GorryBB). A passive mode is one in which the program is provided with all the
information at one point and must make a diagnesis based on this information. An active mode is
one in which the program must ask a question in order to obtain each new piece of information.
The active process suffers from the shortcoming that the physician may be aware of some facts
potentially useful in the diagnosis, bul may not be able o communicate them to the program
because each new piece of information must be requested by the program. The passive
approach avoids this problem but places the responsibility of identifying relevant information on
the physician. This is an unacceptable demand on a physician who is not an expert in the medical
domain of the program.

Therefore, we propose a compromise position involving mixed initfative. In this mode, as in
the active mode, the primary responsibility of gathering information still rests with the program.
However, at each point in the consultation the user physician is allowed to provide a suggestion.
The program must analyze this suggestion,? even if it chooses to ignore the suggestion as being
irralavant.

1.4.5 Handling Discrepant Information

In virtually any diagnostic workup a large amount of discrepant information must be dealt
with. Some of the discrepancies arise because patlents are not always accurate chservers of
their symptoms and because laboratory tests and medical records are often in error, In other
cases a seeming discrepancy may arise because of incomplete information, i.e. there may be a
walid (but so far unknown) explanation for the apparent disagreement. Correct evaluation of each
type of discrepancy is critical, if the program is to perform eifectively. It is necessary for a
diagnostic program to be able to identity the discrepant information as it is presented in order to

Fl
3 The program may not, as was (he case with some previous programs, pul thess suggeations “on hold"
withoul reasoning aboul them wntd il i ready to ask about them. I e program does nol hink that the
sugiestion i relevant, it must make Ihat decision explicitty.
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be able o evaluate a discrepancy and choose strategies for dealing with it before incorporating it
in-the patient model. - We have observed that the expectations of the physician play an important
role in identifying possible discrepancies in the incoming information. They allows the physician
to locally evaluale these discrepancies (with respect lo the available evidence, physiological
possibiities -and - the current -hypothesis) and -act upon them betore assimilating the new
information into his patient descriptions. A similar mechanism in the program is desirable.
Summarizing, the importance of good handling of discrepant infarmation can not be overstated,
especialy when the system is expected to be used in a normal clinical setting as wall as in
exparimental situations.,

1.4.6 Explanation

To be accepiable in an application demain such as medicine, an AIM program must go
beyond providing competent advice; it must be able to axplain and justily its conclusions to tha
user physician — much as the human consultants do today — in a language that the physician is
tamiliar with. After all, it is the physician who provides the medical care and is primarily
responsible for the welfare of the patient. It is therefore natural (even desirable) for a physician to
balk al accepting advice from a "black-box" program. This reluctance perhaps accounts for
much of the reported antipathy of physicians even to the programs that on statistical analysis
have been shown 1o be as good as the expert physicians [Yu79, Kulikowskig1, Long80]

We believe that a program's acceptabilily depends crucially upon its ability to adequately
explain its reasoning and justily its conclusions. It depends on the physician being able to
challenge some part of the program's conclusions and having the program explore alternatives
suggested by the physician. Consultation is a "two way street”; it can be elfective anly if the
consultant [who is an expert in the subject matter) and the physician [who is familiar with the
patient] cooperate. IF any program is to be successful as an experl consultant it must allow for
such an exchange.

The foregoing discussion may suggest that AlM programs be perfect, a requirement that can
nevar be met in a real world of imperfect knowledge, where even the bast of the expert physicians
differ with one another. The thrust of our argument here ks more limited. We are not demanding
pertection from AIM programs, only that they be acceptable. Note that a program which is not as
good as the best expert may neverthaless be fruitfully applied if it is acceptable and I its use
improves the performance of the average clinician (who is not likely to be as good as the best
expert in any given area of expertise),

In thiz thasis we are not extending the methodology of explanation generation. Our main
thrist is in applying the available methodology toa much more complex domain than has been
hitherto Iried. However, since it has beon demansirated that gensration of quality explanation
can nol be achioved by relrofithing a peogram with explanation capabilitiog, the progrom must be
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designed with the explanation abilities in focus [Swartout80]. Our main interest is in designing
explicit reprasentation and reasoning mechanisms in the program which will provide us with the
ability to justify the program’s diagnoses as well as its reasoning in achieving those diagnosas,

1.5 Survey of AIM programs

Teaching of diagnostic medicine is often organized around diseases, with an emphasis on
associations between the diseases and signs and symptoms typically associated with them. After
all, the diagnostic task is to identify the disease hypothesis which represents the true state of the
world by using all available data. Based on this observation we can conceive of a simple
representation of diagnostic knowledge which draws associations between disease hypolheses
and data. Given this “primitive” organization, we may already envision a diagnostic algorithm
congisting of the following steps:

Diagnostic Reasoning:
(1) Whenever a new finding is reported, add it to the set of reported lindings.
(2) Delermine all the diseases linked to the new finding and add these diseases to the set of
active hypothesas (which is initially empty).
(3) Score the active hypotheses by counting the number of expected findings observed for
each disease hypothesis,
(4) rank-order the active hypotheses based on their scores and report the ranking.

Information Gatharing:
(5) Select the highest-ranking disease, at lzast one of whose associated findings has not
yet been either aflirmed or denied, and ask about that finding.
(6] If step-5 lails 1o select a quastion, ask if the user is willing to voluntesr a finding.
{(7) If no findings are offered, report the rank ordered diagnoses and their supportive
findings and stop. Otherwise, repeat steps 1 through 6.

The above algorithm, in spite of its simplicity, already captures the essential structure of a
number of diagnostic programs. The assoclation belween diseases and findings forms its static
knowledge about the domain. The set of cbserved findings and the rank-ordered set of active
disease hypotheses are its patient specilic model and its understanding of the patient's ilness.
The process of rank-ordering disease hypotheses is its diagnostic evaluation, and the selaction of
an appropriate finding for inguiry is its informalion gathering sirategy.

The algorithm described above sulffers from many inadequacies due 1o its oversimplification.
Far more serious, however, are the problems fundamental 1o the model of the algorithm itself. For
example, the above algorithm views diagnosis as the task of identilying that disease hypothesis
which provides maximal coverage over the set of findings. Althcugh this view of diagnosis
suggests a relatively straightforward and intuitively appealing implementation, we believe this to
be inadequate. Disease processes are causal; we believe that diagnosis involves providing an
adequale explanation of the observed findings by reconsiructing the possible ssquence of causal
gvenis leading 1o tho obeerved findings,
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The pregram’s information gathering strategy is limited to selecting one question at a time.
At the end of this guestion; the program re-evaluates its diagnostic understanding, reformulates a
new diagnostic problem (which may or may not be related to the previous problem) and selects
the next question to ask. If after asking one question the diagnostic hypothesis being pursued s
not confirmed, it must compete with all other active hypotheses tor the attention of the diagnostic
problem solver. In other words, the attention span of the program in solving any given problem is
exaclly one guestion. This results in diagnostic inefficiencies and incoherent guestion
sequences.  This problem is well recognized, and programs such as Intemnist:l and PIP have
attempled to group diagnostic guestions into meaningful packages, abating the problem
somawhat. The work presented im this thesis ks based on our belief that a substantial
relormulation of the basic algorithm is needed before the problem can be adequately addressed
[Szolovits81b].

In the remaining part of this section we will briefly review the four major AIM projects dealing
with diagnosis, namely Internist-1, the Present lliness Program, CASHET /Glaucoma and Mycin, A
detailed description of these programs can be found in [Szolovits81]. A good review .of
computer-based decigion aids in medicine, using both Al and conventional computer
mathodologies is to be tound in [ShortiiffeTd). [Szolovita78] offers suggestions on the issues of
choice of methodology and validation for acceptance for AlM programs. [Schwartz70] contains a
discussion of acceptability issues from tha viewpoint of physicians,

1.5.1 Internist-l and Present lliness Program

The Internist-| program [Pople75a, Pople77] is based on a large data base and a relatively
simple evaluation and problem-selection strategy. The Intemnist:| data base is constructed by
linking diseases and their manifestations with two subjectively assessed scores; an evocation
strength which describes how strongly the manifesiation should suggest a disease, and a
frequency which describes how commonly the particular manifestation is observed in a patient
with a given disease, Both of these are supplied by objective assassment by physicians., Al the
disoases are arranged into & hierarchy organized around organ-systems. Each non-terminal in
this hierarchy is linked to manifestations that are common to all its inferiors. During each cycle of
the algorithm, all diseases with at least one reported manifestation are evoked® and scored. Next,
these disease hwpolheses are partitioned into competing and complementary sets.  This
partitioning schame represents an imporant contribution of the Internist-1 program. 1t is based on
two concepts: the shell — a list of important manifestations that are not explained aither by this
diagnosis or any diagnoses previously confirmed, and the dominance refation — a hypothesis A is

4. If o disense (A) and one ol its inferiors (B} are ceoked simultmeously, then (1) i thero Gro mo koown
Bindings that can dilicrentiole betwoen B and any of its sibling hypotheses, B is considored bo be suebsumed
by & anel dolated from the active aet. Olhorwize, (2) A 8 replaced by e sot ol ils immedials inferior discasos
sl e evekeod by Heo miomifosiation.
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said to dominate hypothesis B if the shelf of A is a proper subsat of the shell of B. The competing
set 15 then said to contain hypotheses that either dominate or are dominated by the
highest-ranking hypothesis. All other hypotheses are considered complementary and are
ignored. The competing set is further reduced by considering only those hypotheses whose
scores are within a fixed range of the highest-scoring hypothesis. Based on the number and
relative scores of the hypotheses under consideration a diagnostic strategy (dillerentiate, confirm
of rule-out) is selected and the next question computed. Finally, this question is asked and the

diagnostic cycle is repaated.

The Present liness Program (PIP) [Pauker76] is a frame based [Minsky75)] program for taking
the present illness in the domain of renal diseases. The PIF data base is implemented using
disease frames, each containing the relation of the given disease to its expected findings and to
other diseases, and a scoring criterion lor evaluating the disease hypothesis. Some of the
findings assoclated with a disease are specially designated as friggers.  The complementary
relalion between diseases is described using causal, complicational and associational links; the
compeling relation is expressed using differential links. Each disease frame also contains two
types of scoring fenctions; the loglcal decision criteria and the numerical lkelihood estimator
where the first is used for categorical evaluation and the second for probabilistic evaluation of the
likelihood of the disease hypothesis under consideration [Szolovits78]. The diagnostic algorithm
of PIP is similar to the basic algorithm discussed before. We should note that PIP does not use
the disease-hierarchy or mulliple diagnostic sirategies used by the Internist-| program. On the
other hand, PIP uses a substantially richer representation mechanism for describing findings and
diseases as compared to Internist-|. For example, PIP allows one to describe the finding of edema
cbserved in a given patient to be "severe", “worse in evening” and “pedal” (around legs).
Finally, it uses categorical as well as probabilistic criteria for confirming diseases.

Internist-| and PIP represent medical knowledge as well as patient specific facts in
phenomenclogical terms. The lack of physiological knowledge results in their weakness in
dealing with patient illnesses with multiple interacting eficlogies. The lack of physiological
knowledge also results in activation of all phenomenologically possible hypotheses, including
those that, based on the case-specific knowledge, are physiolegically improbable. Thus,
increasing the efforts needed in scoring and ruling out these hypotheses explicitly. Furthermore,
the diagnostic algorithms in Inernist-1 and PIP alternate between abtaining a fact and evaluating
the hypothesis list, resulting in a lack of focused diagnostic inquiry as discussed befors.

The patient-specific model in Internist-1 and PIP consisis of a collection of pationt facts and
the list of active hypolheses; it does not relate different findings and hypotheses into causal
explanations. As a result these programs have only a fragmentary understanding about the
patient's condition and they olten change their desn::n'p:tiun of the patient's iliness radically without
substantial indications lo that effect.
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1.5.2 CASNET/Glaucoma

The Glavcoma program deals with the diagnosis and treatment of eye diseases. |t is
implemented using the CASNET [Weiss74] theory of representation of causal knowledge. The
medical knowledge in Glaucoma s represenled as a network of physiclogical states. These
slates are linked together by subjectively assessed transition probabilities, and by support values
indicating how strongly certain test results suppon the presence of a particular condition (stale).
The transilional probabelities are used primarily as a means of selecting the most appropriate next
state lo investigate and the support values are used to evaluate the score (fuzzy likelihood
[GainesTd, Zadehis]) of a state, which is used to confirm or deny a state. Finally, the patterns of
conlirmed and denied states in the network are interpreted using a number of programs which
comparg the progress of the diseases in the given patient with the dissases known to the
individual program.

Tha use of physiological knowledge gives the glaucoma program a better understanding of
the machanksms of disease evolution and interaction than the other programs discussed above.
However, its use of causal knowledge is restricted to the local propagation of likelihood weights to
determing the most appropriate nexl state for investigation. The program cannot use
hypaothesized diagnoses to guide its diagnostic inguiry: it separates the process of nformation
gathering from that of diagnosis. The information gathering is directed solely towards confirming
{or ruling out) states in the causal net.® Mareover, the program works in a domain where the
disaase physiclogy is uniformly well understood and each state can be confirmed directly using
some test. Therefore, the technigues developed in this program are not easily extendable o
programs working in other domains of medical expertise.

1.5.3 Mycin

Mycin iz a rule-based program [Shortliffe?s, DavisT7] for diagnosis and treatment of
infectious diseases — In particular, bacterial infactions in the blood (and recently extended o
other infectious diseases). It represents medical knowledge in terms of production rules
[Davie77] and uses a collection of associative triples to represent the patient specific knowladge
[Shortliffe7s, ShortliffeTg). A novel mathematical model of confirmation [ShortliffeT8] selects a
sat of organisms suspected of causing the illness.  Diagnosis is carried out using a simple
goal-directed control struciure with backward chaining. The highastlevel goal of Mycin is 1o
determine if the patient is suffering from a significant infection which should be treated, and if he
iz, to sedect the appropriate therapy. 1t retrieves all the rules applicable to this goal and applies
them sequentially as follows. It altempts to ascerfain whether the "conclusion”™ of a rule is valid by

evaluating each of its pramises. If this information is already available in the dakta base, the
&

5. Dhiriewg thig phase e prodgeam does aol allempt bo idonlily distases responsible Tor the prasenca aof
s slales. The chionnesis i aklempled Soparaloy sdior e mdormation galbasing phiee is compledod,
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program refrieves it. If not, determination of this premise becomes the new goal, and the program
recurs. If atter trying all the relevant rules, the answer still has not been discovered, the program
asks the user for the relevant clinical information which will permit it to establish tha validity of tha
premise clause. Thus, the rules "unwind” to produce a succession of goals, and it is this attempt
to achieve each goal that drives the consultation.

The rules in Mycin are used o represent the domain knowledge as well as to encode the flow
of control of the program. This takes away some of the advantages of modularity of knowledge
because one must take into account the possible interactions between rules during problam
solving. The goal structure of Mycin allows efficient problem solving and can be used for
explaining the problem solving behavior of the program, but the program cannot explain the
medical significance of its behavior as this information is complied out while writing the rules.

The rule-based Mycin methodology is applicable in fields where the domain specific
knowledge can be described using judgmental rules. It appears to require a field which has
attained a certain level of formalization with a generally recognized set of primitives and a minimal
understanding of basic processes and which does not have a high level of interaction between
conceptual primitives [Davis77]. Finally, the rule-based methodology developed by Mycin and its
derivative programs can be used eflectively in encoding knowledge needed in handling specific
well defined situations such as special hauristics for differentiation betwesn two similar dissases
which are difficult to differentiate using global differentiation heuristics.

The programs described above can be classified as the “first generation AIM programs".
These programs have contributed immensely by demonstrating the feasibility of using computers
{and Al technigues) in medical diagnosis. Some of the significant developments in this regard
are summarized hara.

The active hypothesis set introduced in PIP and the hierarchic organization of diseases
Introduced in Internist| provide wseful techniques for organizing programs for efficiency, A
heuristic to partition the hypothesis set inlo competing and complementary sels was introduced in
Internist-l. In spite of its shortcomings, the partitioning heuristic is intuitively appealing and
empirically effective [PopleT8al. An improved technique for identitying complementary and
competing hypotheses, especially for illnesses caused by multiple diseases. is one of the lopics of
interast in this thasis.

Recognizing that pathognomonic and imporant evocative lindings help to focus the
diagnostician’s attention sharply, mechanisms to flag such findings and their use in focusing the
programs attention were developed in Internist-1 and PIP. Heuristics to help confirm or eliminate
hypotheses calegorically (withoul resorling to revised probabilities and thresholds) and explicit
difterential dingnosis links to indicate well known points of diagnostic confusion were also sdded
in PP,
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Causality as a major mechanism for tying together independent hypothesized disorders was
identified as a fundamental mechanism in the CASNET/Glaucoma program, Internist-| and PIP.
The Glavcoma program went a step beyond the others in the use of causality by defining disease
as a progression of causally connected states. However, in all three programs, the use of
causality is limited to propagaling probability-fike estimates of likefihood which remain the primary
eritarion for their clinical decisions.

The need for explanation and justificalion capabilities in an AIM programs was first
recognized by and implemented in MYCIN. In this chapier we have argued that these capabilities
are essential for the success of any consulting program. In this thesis we take this capability to be
an essential component of the design of ABEL program.

1.6 Qutline of the Thesis

This thesis containg seven chapters and two appendices. Chapter 2 previews the capabilities
of the program with the help of two simple examples. Chapter 3 describes the reprasantation of
ABEL's medical knowledge. The medical knowledge consists of a hierarchic representation of
anatomical, physiological, etiological and temporal knowledge. This forms the groundwork for an
efficient representation of diseases and their pathophysiology in the domain of electrolyte and
acid-base disturbances. The diseases are defined in terms of their loci along these four
dimensions, providing a natural hierarchic organization to the disease definitions. This
framework of basic medical knowledge provides us with a vocabulary for expressing
phenomenclogical and pathophysiological knowledge.

An expart physician may have an understanding of a difficult case in terms of several lavels of
detail. As noted earlier, at the shallowest level that understanding may be in terms of commaoniy
occurring associations of syndromes and diseases, whereas at the deepest it may include the
biochamical and pathophysiological interaction of abnormal findings. Chapler 3 describes a
multi-level description of pathophysiology, where each level of description can be viewad as a
semantic net of relations betwesn diseases and findings. Each node in the net represents a
normal or abnormal state and @ach link reprasents a relation (causal, associational, etc.) between
these states. Each node iz associated with a set of altributes describing the temporal
characteristics, severity or valug, and other relevant atfribules. Each link describes a causal
relation batween a cause node and an effect node by specilying a multivariate relation between
attributes of the cause and the effect. Additional information to support mapping knowledge at
one level toran adjacent leval iz also described.

In Chapter 4, we propose the use of a coherent hypothesis as the logical unit of hypothesis
representation.  This caplures our notion, expreSsed above, that the reasoner's hypothesis
structure must account for the total state of mind of the repsoner including s current
encerlanties, In tha program, each cohorent hypothoesis s represeniod using a patient gpecific

+
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model [PSM). Each PSM represents a causal explanation of all the observed findings and their
interrelationships at various levels of detail. Note that within each PSM all the diseases, findings,
etc., are mutually complementary, while the alternate PSM's are mutually exclusive and
competing.

The PSM is created by instantiating portions of ABEL's general medical knowledge and filling
in its details from the specific case being considered. The instantiation of the PSM is very
strongly guided by initially given data, because the PSM incledes only those disorders and
connections that are needed to explain the current case. Instantiation is accomplished by five
major operators. Initial formulation creates an Initial patient description from the presenting
complaints and laboratory results. Aggregation and elaboration make connections between the
levels of detail in the PSM by filling in the structure above and below a salected part of the
netwaork, respectively. In a domain such as ABEL's, multiple disorders in a single patient and the
presence of homeostatic mechanisms require the program to reason about the joint effects of
several mechanisms which collectively influence a single guantity or state. Component decompao-
gition and summation relate disorders at the same level of detail by muteally constraining a total

phenomenon and its components; the net change in any quantity must be consistant with the sum
of individual changes in its parts. The final operator, projection, lorgas the causal links within a
gingle level of detail in the search for causal explanafions. The operators all Interact because the
complete PSM must be self-consistent both within each level and across all its levels. Therefore,
each operation typically requires the invocation of others to complete or verify the creation of
related parts of the PSM. Furthermore, PSM's are organized in a context tree allowing different
PSM's to share structures common 1o them. The root of the PSM-tree also contains all the
obsarved findings and diseases which have been concluded to be true so that they may be shared
by all PSM's.

Locality is a desirable property for the reasoning and description schemes. It imposes
madularity in the organization of knowledge, making acquisition and representation of knowledge
fractable. Furthermore, it makes possible efficient reasoning schemes whose resource
requirements do not grow with increasing size of the data-base. To axplait the locality constraint
in reasoning with causal networks, a program should be able to reason based only on the
information locally available Irom the neighborhood of the mechanism under consideration.
Although it is always possible to choosa a level of abstraction at which the interaction betwesn a
given pair of states can be described locally, for a given level of detail it is not possible to impose
the locality constraint on every interaction. The maltiple-level causal model and the
abstraction/elaboralion process presented in this thesks allow us to overcome this problem. For
example, if al some level of detall two distant stales interact, we can aggregaloe the description of

4

6. Locality has been exploited in a large number of diverse problems, such s common-sonse reasoning
[MinukyT3, KuipersT?, dokieor79] and natural languisge processing [Marcus?o, Churchan, Martinf1]. Far
axamiple, the constraind of “crrdest freanesa” in natural language is a specilic inslance of lecalily constraint.
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mtervening causal network to a level where the two states are adjacent to one another. The
interaction between the two can now be compulad locally,

Chapler 5 discusses the diagnostic problem solving activity, The diagnostic problems are
formulated by identitying the weaknesses and conflicts in the PSM's. The task of the diagnostic
nrotdem solver is to resolve these conflicts and weaknesses by gathering new information. We
note that the medical knowledge In the program consists of prototypes of the disease entities.
However, this prototypical knowledge can be substantially constrained because the hypothesized
disease entities must be consistent with the known facts and explanations. We introduce the
notion of a diagnostic closure which extracts and tailors that part of medical knowledge that is
directly relevant to the diagnostic task at hand. The diagnostic closure brings together all the
dependencies and expectations necessary for planning a diagnostic inguiry, for evaluating real
and apparent discrepancies in the incoming information, and provides a framework for explaining
the alternatives under consideration and for justilying the selection of questions.  Although we
envision using recent advances in the planning paradigm [Fikes72, Sacerdoti?s, Stefiké1], the
current implementation of the program generates a simple treg-structured plan for nformation
gathering by decomposing the problem by successive applications of confirm, rule-out,
differentiate, and group-and-differentiate strategies. Finally, when a sufficient amount of new
information is available the program assimilates this information into the PSMs and the diagnostic
process |s repeated. The process terminates when an adequale explanation for the patient's
illness is found or when all the information necessary lor such an explanation is exhausted.

In chapter & we revisit the example described in chapter 2 in greater detaill. Chapler 7
summarizes the experience gained and lessons learned in this enterprise and indicates pointers
to future research. Finally, appendix 1 briefly summarizes the XLMS system (a knowladge
reprasentation system built on top of LISP) wsed by ABEL. Appendiz 2 summanzes the
tachnigues for translating the internal data structures of the program into English developed
recently by Swartoul [SwartoulB0] and discussas algorithms for organizing the concapts encoded
in causal networks into a hinear sequence of sentence level objects thal can then be translated
using the above-mentioned methodology.
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2. Examples

This chapter presents the inner workings of ABEL with the help of annotated examples. In
this chapter the reader is not expected to understand how the program accomplishes its task, but
rather just what it does. The succeeding chapters will examine the structure of the program and
the method by which each step is accomplished. We will consider two examples: (1) a patient
suffering from moderately severe salmonellosis, and (2) a patient suffering from modarately
severe salmonellosis and vomiting. The salection of the medical examples is motivated by our
desire to make the medical contents of the examples as simple as possible. In chapter 6 we will
revisit these examples and discuss how the program accomplishes each of s tasks.

2.1 Example 1: Salmonellosis

Far the first example let us consider a 40 year old 70 Kg male patient who has been suffering
from moderately severe salmonellosis and, as a result, has developed moderately severa
metabolic acidosis and hypokalemia. To illustrate the program let us provide it initially with only
the laboratory analysis of the patient’s blood sample (serum analysis) without any clinical
information.

Serum Analysis:

Tima: 0 time of the session
Sex: male
Na: 142 maq#1 normal
E: 3  megll moderately low
Cl: 113 mag/ mormal
HCOZ: 15 megl] moderately low
pCo2: 30 mmHg maoderately low

Based on these data, the program generates all possible acid-base disturbances that can
account for the laboratory data. It then prunes and rank-orders these disturbances based on their
complexity, lkekhood and severity of each component. The rank-ordered list of likely
disturbances is:

==== Patient Acid-Base Profile =---

1. metabolic-acidosis [severity: 0.4] very likely
£, chronic-respiratory-alkalosis [severity: 0,.68]
+ acute-respiratory-acidosis [severity: 0.32] wnlikely

&
The computation of the acid-base profile is based on the Momogram of Acid-Base
Disurbances described in chapler 1. Figure 4 shows the relevant region of this nomogram with
the loci of He bwo hypothesized disturbances. The eslimation of the severity of a disturbance is
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based on the length of the sagment along the locus of that disturbance. Thus, we note that the
severity of the single acid-base disturbance (metabolic acidosis) is only about 0.4 while an
equivalent acid-base disturbance composad of chronic respiratory alkalosis and acute respiratory
acidosis has severities of 0.68 and 0.32 respectively.’

Ment, the program creates a PSM for each possible acid-base disturbance and interprats the
laboratory data in the context defined by each acid-base disturbance. For exampbe, with the
assumplion of fully compansated metabolic acidosis, the entire change in the PCO5 may be
considered chronic, therefore, the chronic component of the PEDE will be 30 meq/1, while with
the assumption of chronic respiralory alkalosis and acute respiratory ecidosis, the chronic
component of PCO, is due only to the chronic component of this disturbance, therelore reading
from the nomogram we find that the chronic value of PCOy in this case will be approximalaly 168
miags 1.

Fig. 4. Graphic depiction of the two Acid-Base hypothaseas

Disturbance 2:
chronic-respiratory-alkalosis

+
acute-respiratory-acidosis

Disturbsance 1:
metabolic-acidosis

Peo,

7. Thr numbers correspomsdng 1o (he acid-bBase disturbancos compuled abowe are tha peoogrms inbermal
pgnssnwd] ol tha sowerity ol illness, oy ano ol mensurabilo.
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The program then aggregates ils patient-specific physiclogic knowledge to formulate an
intarpretation of the laboratory data at the clinical level. The computer generated explanation of
its interpretation of these data under the two major hypotheses is described in figures 5 and B.

A-quick look at the two clinical level explanations shows that the structure involving
hypokalermia and acidemia is common to the two hypotheses. They differ in their accounting for
acidemia. Note that the clinical level abstraction of the two hypotheses is fairly simple in structure
and does not contain any feedback cycles. The cycles prosent at the intermediate level
describing the interaction between the acidemia, hypobicarbonatemia and hypocapnia have been
abstracted away. A closer look at these feedback cycles shows the principal dilferance betweean
the two hypotheses. In the first case, the change in the acid-base state is a consequence of loss
of HCO4 from the body which causes hypobicarbonatemia, whereas in the second it enters as
primary disturbance in ventilation which alters the PCO,. Finally, we note that the first hypothesis
has two unaccounted findings while the second hypothesis contains three unaccounted findings.

In the context of this initial analysis of the patient's condition, the program starts the
diagnostic exploration. An annotated (in italics) transcript of the program's diagnostic behavior is
shown naxt.

The program compufes the diagnostic closures for the two hypotheses and decides fo
pursie the Nirst hypothesis,

Differentiating between the causes of the leading
complete hypothasis.

1 SALMONELLOSIS
2 URETEROS IGMOIDOS TOMY
3 VILLOUS-ADEMOMA

L S e e

4 DISTAL=-RTA

& PROXTHAL-RTA

B ACUTE-RENAL-FATLURE

7 CHREONIC-RENAL-FAILURE
continua? ==3>

The list above contains all possible diseases that can explain some part of the firsf
hypothesis. The list is divided into groups of diseases by the number of unraccounied findings
that each disease can explain suceinctly.  Within each group the diseases are ordered by a
secondary scosing crilerion based on the quality of their mafch with the hypothesis and their
polential to be piimately confirmed.

&

Differentiating between
SALMONELLOSIS URCTEROSIGMOIDOSTOMY VILLOUS-ADENOMA
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Fig. 5. Comparision of hypolhesas 1 & 2 at clinical level
Hypothesis 1: Metabolic Acidosis

This is a 40 year old 70.0 kg male patient. His electrolytes are:

Na: 142.0 HCO3: 16.0 Anion Gap: 13.0
K: 3.0 pCO2: 30.0
Cl: 113.0 pH: T.32

The patient has moderate metabolic acidosis and mild hypokalemia. The metabolic acidosls causes
mild acidemia. The acidemia partly compensates the suspected moderate hypokalemia leading to the

observed hypokalemia, The metabolic acidosis remains to be accounted for. The hypokalemia has only
becn partially accounted for,

hypokcalomia-2
f— {
ol
il Emses P,
a1 !;lﬁdaﬂ'la-‘l mﬂulﬁ:i

Hypothesis 2: Chronic Resp. Alkalosis & Acute Resp. Acidosis

This is a 40 year old T0.0 kg male patient. His electrolytes are; ...

The patient has modcrate chronic respiratory alkalosis, moderate acute respiratory acidosis and mild
hypokalemia. The acute respiratory acidosis and chronic respiratory alkalosis cause mild acidemia. The
acidemia partly compensates the suspected moderate hypokalemia keading 1o the observed hypokalemia,
The chronic respiratory alkalosis and acute respiratory acidosis remain to be accounted for, The
hypokalemia has only been partially accounted for,

hypokalemia-2

reapiratory-
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Fig. 6. Comparision of hypotheses 1 & 2 at intermediate level
Hypothasis 1: Metabolic Acidosis
This is a 40 year old 70.0 kg male patient, His electrolytes are: ..

The patient has moderate metabolic acidosis, mild hypokalemia and moderate hypobicarbonatemia,
The metbolic acidosis along with moderate hypocapnia causes hypobicarbonatemia.  The
hypobicarbonatemia along with hypocapnia causes mild acidemia. The acidemia partly compensates the
suspected moderate hypokalemia leading to the observed hypokalemia, The metabolic acidosis remains
to be accounted for. The hypokalemia has only been partially accounted for,

Hypothesis 2: Chronic Resp. Alkalosis & Acute Resp. Acidosis

This is a 40 year old 70.0 kg male patient. His electrolytes are: ...,

The patient has moderate acute respiratory acidosis, moderate chronic respiratory alkalosis, mild
hypokalemia and moderate hypobicarbonatemia. The chronic respiratory alkalosis and acule respiratory
acidosis along with mild acidemia cause moderate hypocapnia, which causes hypobicarbonatemia. The
hypobicarbonatemia and hypocapnia cause acidemia. —The acidemia partly compensates the suspected
moderate hypokalemia leading to the observed hypokalemia. The acute respiratory acidosis and chronic
respiratory alkalosis remain to be accounted for. The hypokalemia has only been partially accounted for.

lm.l'l'.II-
respiraiory.
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As a first step towards differentiation, the program asks if the user is already aware of any of
the possible allernatives.

Does the patient have any of the following?
1 SALMOMELLOSIS
2 URETERDSTGMOTDOSTOMY
3 VILLOUS-ADENOMA

Please enter numbers beatween 1 and 3
Prasent: ==> E{xplain)

~ The user indicates that he would Iike an explanation. The program prompts by indicating in &
menu the possible choices for explanation.

DESCRIBE-HYPOTHESIS
DESCRIBE-DIAGNOSTIC-REASONING
DESCRIBE-FINDING
DESCRIBE-CAUSE

DONE

O Ja L P

we) 2
The stack of diagnostic goals:

3 DIFF-CAUSES
2 CONFIRM-CH
1 DIAGNOSE

T am diagnosing the possible acid base disturbances. I am
confirming the leading hypothesis. I am differentiating between
its Teading causas.

DESCRIBE-HYPOTHESIS
DESCRIBE-DIAGNOSTIC-REASONING
DESCRIBE-FINDING
DESCRIBE-CAUSE

DONE

& B GBS e

==% 4
Please enter a cause for viewing: ==» salmonallosis

Salmonellosis may account Tor moderate metabolic acidosis and
moderate hypokalemia as follows.

Moderate salmonellosis may cause metabolic acidosis.

Moderate salmonellosis may cause hypokalemia

DESCRIBE-HYPOTHESIS
DESCRIBE-DIAGNOST IC-REASONING
DESCRIBE-F INDING

DESCRIBE -CAUSE

ONE ¢

= N S
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Does the patient hawe any of the following?
1 SALMONELLOSIS
2 URETERDSIGMOIDOSTOMY
3 VILLOUS~-ADENOMA

Fresent: ==» none Absent: == none Unknown: 1 2 3

Differantiating betwoean
SALMONELLOSIS URETERQSIGMOIDOSTOMY WILLOUS-ADENOMA

Salmonellosis, ureterosigmoidostomy and wvillous-adenoma all cause a reduclion in
extraceflular Nluid. resulting in dehydration. However, the program notices thal some of the
diseases in the second sef (e.g., renal failure) may have the exac! opposite effect of cauging
edema. Therelore, while exploring the state of extracelular fluid the program includes edema in

the gquestion,

Does the patient have one of the following?
1 DEHYDRATIOM
2 EDEMA

Present: == none Absant: == nona Unknown: 1 2

The program is expecting dehydration. Therefore, when we Iail fo conlirm or deny the
dehydration the program pursues the finding further.

I would Tike to ask about the affects of SALMONELLOSIS.

Is the value of SERUM-CREATIRINE known? ==» Efxplain)

High serum creatinine may be caused by moderate salmonellosis
as follows:

Moderately high serum creatinine may be caused by moderate
dehydration, which may be caused by salmonellosis.

The user indicates that he would like a justilication for this question. The program generates
the explanation by tracing back the causal path from serum creatinine in the DC associaled with
the goal of the question.

The program’s diagnostic reasoning al this point can be described as lolows: The top level
goal of the program is fo do diagnosis. In order to do the diagnosis the program evaluales the
hwo alternate hypotheses and zeleciz the first hypothesis (metabalic-acidosis) for confirmation.
Te conlirm this hypothesis it selects the sel of leading causes far the first hypothesis, namely,
salmaneliosis, wreterpsigmoidostomy and wlous-adedoma. I Lhen afterpls to differentiale
belween these causes. I determines the Nindings prediciod by each of these ihree causes, orders
them according to their discriminatory power, and asks aboul them, the mosit discriminating
firrdling first,
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Is the value of SERUM-CREATININE known? ==} yas

Flease antar the attributes of SERUM-CREATININE
What i1s the VALUE of SERUM-CREATININE 7 ==» 3
What is the START-TIME of SERUM-CREATIMNINE T == 0

Is the value of MEAN-ARTERIAL-BLOOD-PRESSURE known? ==)> yas

Flease enter the attributes of MEAN-ARTERIAL-BLOOD-PRESSURE
What iz the VALUE of MEAN-ARTERTAL-BLOOD-PRESSURE 7 ==% 7B

The program has now completed one full cycle of its planned dlagnostic inquiry. I now
incorporates this information into both hypotheses and sfarfs the next cycle of diagnostic
planning,

Starting next cycle of diagnosis
Differentiating between the causes of the leading complete hypothesis.

1 SALMONELLOSIS

e B R S S . o . e

i VILLOUS-ADEROMA
3 URETEROSIGMOIDOSTOMY

. e e i e e e e e e

4 ADREMAL-INSUFFICIENCY
& DIABETES-INSIPIOUS

B ACUTE-RENAL-FATILURE

7 CHROMIC-REMAL-FATLURE

S S S e e e .

B DISTAL-RTA
4 PROXIMAL-RTA
cont inua? ==

The program has already gathered sufficient information o confirm salmoneliosis, IF is
unable to do so because we have nol implemented the criteria for confirming a disease yel.
However, we note thal the information gathered has provided substantial categorical separation
between the gastrointestinal and the renal causes of the metabolic-acidosis with hypokalemia.

Pursuing SALMONELLOSIS: no findings available

Differentiating between VILLOUS-ADENOMA URETEROSIGMOIDOSTOMY :
ng finding available

Differentiating betwean ADRENAL-IMSUFFICIENCY DIABETES-INSIPIDUS
ACUTE-RENAL-FATLURE CHRONIC-REMAL-FAILURE

M

Ag there are more than two ifems in the diferenliation sel, the program growps these lems
into renal and exira-renal sels. IF then pursces the romal sof Kest
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Does the patient have any of the following?
1 CHRONTC-REMAL-FATLURE
2 ACUTE-RENAL-FATLURE

Presant: ==3 nona Absant: ==3 1 2

Does the patient have amy of the following?
1 ADRENAL-INSWUFFICTIENCY
2 DIABETES-INSIPIDUS

Present: ==>» nona Absent: ==3* 1 Unknown: 2
Differentiating betwaen DISTAL-RTA PROXIMAL-RTA

Does the patient have any of the following?
1 PROXIMAL-RTA
2 DISTAL-RTA

Presant: ==) nona Absent: == none Unknown; 1 2

The program has now completed the second cycle of s planned diagnostic inguiry. - No-new
finding was uncovered during this cycle of diagnosis and theralore, the program does nol need o
revize the two hypotheses. However, durlng the planning of the nex! cycle of diagnostic inguiry it
dizcovers that ail the questions relevani fo the efivlogy of melabolic-acidosis and hypokalemia
have already been exhausted. Therelore, in order 1o proceed it requesis that some possible
aiiclogy be assumed.

Starting next cycle of diagnosis
Ho new finding added in the previous cycle.

A1l possible etioclogies that could explain the patient's
illnass are unknown. In order to proceed we must at least

hypothetically assume one of them. Possible etiologies that could
explain the patient's 11lness Tisted in decreasing order ara:

1 SALMONELLOSIS

L e e o

2 VILLOUS-ADENOMA
3 URETEROSIGHOIDOSTOMY

. e

5 DISTAL-RTA
] PROXTMAL-RTA
Would you like to assume SALMOMELLOSIS 7 ==> yes

Assuming MODERATE ACUTE SALMONELLODS]S.
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The program adds salmonelosis fo the patient modelz and re-evalualfes two hypotheses
belore resuming the diagnosis again. However, it immediately recognizes thal it has found the
misging piece in the puzzle! Based on the assumplion thal the patient has saimoneliosis, the
program selects the first PSM (metabolic acidosis) as the explanation of the patient's acid-base
disorder, The program’s explanaltions of the successfw! and the alternate PSMs are shown nexl.
Note, however, thal these explanations are provided with the azsumption that the patient has
salmoneliosis, an assumplion that needs fo be verified.

Diagnosis completed. The successful diagnosis fs:

This is a 40 year old 70.0 kg male patient with modarate
salmonellosis. His electrolytes ara:

Ha: 142.0 HCO3: 15,0 Anion Gap: 13.0
K: 3.0 pCoO2: 30.0
Ci1: 113.0 pH: 7.32 Creatinine: 3.0

The salmonellosis causes modearate metabolic acidosis and
moderate dehydration., The dehydration causes moderate
hypotension and moderate high creatinine disturbance. The
matabolic acidosis causes mild acidemia. The salmonellosis and
acidemia cause mild hypokalemia. Al1T1 fTindings have been
accountad for.

Az can be seen from the above explanation, the program has concluded that salmanelosis
provides an adequate explanalion for the patient's iness and thal the first hypothesis is
substantially superior to the aiternate hypothesis. The alternate hypothesis wilh all the available
information added iz shown below.

This is a 40 year old 70.0 kg male patient with salmonellosis.
His electrolytes are:

Ha: 142.0 HCOd: 16.0 Anion Gap: 13.0
K: 3.0 pCO2: 30.0
Cl: 113.0 pH: 7,32 Creatinine: 3.0

The salmonellosis causes moderate metabolic acidosis and
moderate dehydration., The dehydration causes moderata
hypotension and moderate high creatinine disturbanca.
Moderate acute respiratory acidosis, moderate chronic
respiratory alkalosis and metabolic acidosis partly
compeénsate the suspected mild alkalemia leading to the
observed mild acidemia. The salmonellosis and acidemia cause
mild hypokalemia. The chronic respiratory alkalosis and
acute respiratory acidosis remain to be accounted for. The
alkalemia has only been partially accounted Tor.

]

Nofice the difference in the two explanations. The first explanafion confaing only one
acid-baze dizsturbance, while fthe second cxplanation comfains o tofal of three acid-base
disturbances, Furthermaora, all the findings in the ficst bypothesis have een accountod for white
the socond -hypothosis-has three acid -base distucbances sl o be accoumted for.
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2.2 Example 2: Vomiling and Salmonellosis

The next example illustrates the program's capabilities in dealing with multipla atiologies,
namely salmoneflosis and vomiting, which offsel the effects of each ather on tha ackd-base
balance. We will focus on the program's understanding and its ability to reformulate this
understanding when new information is provided.

Let us consider a patient who is suffering from moderately severe vomiting for the past two
days who then develops salmonellosis. Mote that the electrolyte and acid-base disturbances in
vamiting result from the excessive loss of upper gastrointestinal fiuid, while in salmonellosis they
result from the loss of lower gastrointestinal fluid. The upper GI fluid is acidic while the lower GI
fluid is alkaline, therefore the two tend to have offsetting effects on the acid-base balance,
However, vomiting and salmonellasis both cause hypokalemia and dehydration, therefore they
compound these effects of each other. For this example, lel us consider a patient in which the
presentation of vomiting and salmonellosis are such that each exactly cancels the acid-base
effect of the other, leaving the patient with no acid-base disturbance. We will illustrate the
program’s handling of this case by describing the program’s understanding of the case at three
points during the diagnostic process: (1) just after the electrolyte values are entered in the
program, (2) after the linding of vemiting has been prasented, and (3) at the end of the diagnostic
pProcess.

The program’s evaluation ol the serum electrolytes and the English explanation of its initial
hypothesis are:

Serum Analysis:

Tima: 0
Sex: male
Ha: 141 magsl normal
K: 2 maqs1 fow
Cl: 108 mag/1 normal
HCO3: 26  wmag’l normal
pCozZ: 3% mmHp normal

==-- Patiant Acid-Base Profilg ~--=
1. normal-acid-base-state

This is a 40 year old 70.0 kg male patient with moderate
hypokalemia. His elactrolytes are: .....

The serum analysis reveals only one abnormal finding, hypokalemia. The program starts the
diagnostic process by atlempting to differentiate betiesn the possible causes of hypokalemia
which include vomiting and salmonellosis along with other etiologics such as laxative abuse,
divretic use, hyperaldosteronism etc. The summary of the program’s hypothesis alter the linding
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of moderately severe vomiting has been presented ia:

This is a 40 year old 70.0 kg male patient with modarata
vomiting. His electrolytes are:

Na: 143.0 HCO3: 25.0 Anion Gap: 12.0
K: 2.0 pCOZ: 39.0
C1: 108.0 pH: 7,42

The vomiting causes moderate metabolic alkalosis. Moderate
hypokalemia is partly cavsed by vomiting leaving some
additional factor causing hypokalemia s5ti11 unaccounted for. The
hypokalemia and moderate acidemia have only been partially
accounted for.

MNotice that the womiting partially accounts for the observed hypokalemia. However, in arder
to account for the hypokalemia the program must assuma that thare has been substantial upper
Gl fluid loss sufficient to also cause metabolic alkalosis. As this metabolic alkalosls is not
consistent with the normal acid-base state the program must decompose the normal acld-base
state into offselting alkalemia and acidemia. The alkalemia which is accounted for by metabolic
alkalosis, and acidemia which remains unaccounted for. The remaining unaccounbed
components now present a picture similar 1o that of the previous case [exampla 1) and the
diagnosis procesads similarly. The diagnosis is completed when the program is told about
salmoneliosis (the remaining disturbance). A summary of the programs' final diagnosis is
described nesxt.

This is a 40 year old 70.0 kg male patient with moderate
vomiting and moderate salmonellosis. His electrolytes are:

Ha: 143.0 HCOD3: 25.0 Anion Gap: 12.0
E: 2.0 pCD2: 39.0
Cl: 108.0 pH: 7.42 Creatinine: 3.0

The vomiting causes moderate metabolic alkalosis. The
salmonallosis and vomiting cause moderate dehydration, which
causes moderate hypotension. The dehydration alse causes
moderate high creatinine disturbance. The salmonellosis causes
moderate metabolic acidosis. The metabelic acidosis and
matabolic alkalosis cause normal ph. The salmonellosis, normal
ph and vomiting cause moderate acute hypokalemia. A1l findings
have been accounted for,

The primary focus of this thasis is in developing a methodology for knowledge representation
and manipulation that allows our program o exhibit the understanding of pationt illness
demonstrated above, In the next three chaplers we will study in detail this methodology amd ks
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implementation before revisiling the same examples again in greater detail,
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3. Representation of Medical Knowledge

liness can be described as a change in the normal state or function in a patient, To describe
an ifiness, we need a formalism to represent the states, the state changes, the normal and the
abnormal functions and their interactions in terms of the primitives known to the system. This
knowledge is organized in the program with the help of (1) an anatomy component, which
includes a parf-of hierarchy for organ systems, confained-in and position ralations for major
analomical features; and a connected-fo relation which provides material low information. (2) A
physiology component, where our concentration has been only on the fluid and electrolytes,
describes the fluid compartments of the body, the spaces of distribution of various solutes, and
the relative distribution of losses and gains in the various compartmants under different
conditions, (3) A pathophysiology component, which contains some primitive knowledge about
disease etiologies, a taxonomy of disease processes, and causal relations which describa how
the changes in a given state influence other stales.

It is also important to recognize commaonly occurring constellations of abnormal states as
special composite situations. Conceptualization of these composite situations in a diagnostic
system is important bacausa it provides us with the ability to reason at a high level of abstraction,
and to organize a large number of seemingly unrelated facts into a coherent whole. We have
argued that it is crucial for any diagnostic system to have the ability to reason simultansously at a
high level of abstraction consisting of phenomenological knowledge as well as at a physiological
level. We accomplish this with the help of a multi-level model for representation of diseases and
causal phenomena. This is motivated by the observations made by Lynch while studying the
concepiual maps of metropalitan regions, He notes

"Rather than a single comprehensive image for the entire environmen, there
seamed fo be sets of images, which more or less overlapped and inferrelaled.
They were typically arranged in & series of levels, roughly by the scale ol area
invoived, 50 thal the observer moved as necessary from an image at sireel lavel fo
levels of a neighborhood, a clty, or a melropoiitan region.”

= The image of the city [LynchB0, pages 85-88).

The structure of the cognitive map described above is a product of the necessity lo cope with
large-scale maps, maps that are oo large to be perceived al once, too large to be stored in the
short-term memory by their users al a single instance of time, and too complex o be
compulationally tractable in solving problems (such as finding an efficient path between two
points on the map). An important observation in formulating cognitive maps is that they are
organized around landmarks.  The conceplualization can be achieved by expanding the
denctation of a landmark to subsume the local topelogy surrounding the designated location. If
this conceptualization is carried out carciully, so that the arcas subsumed by these landmarks
overlap and cowvor the entire delailed mop, it is posaible to paintain sufiicient coberence
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{(mapping) to be able to move between different levels of description.

Based on these observalions and similar observations of a physician's use of medical
knowledge, we have developed a hierarchical multi-level repressntation scheme to describe
medical knowledge. The lowest leval of this description consists of pathophysiclogical
knowledge about diseases, which is successively aggregaled (summarized) into higher level
concepts and relations, gradually shifting the content of the description from physiological to
syndromic knowledge. The aggregate syndromic knowledge provides us with a concise global
pergpective and helps in the efficient exploration of the diagnostic alternatives. The physiological
knowledge, on the other hand, provides us the capabilites of handling complex clinical situations
arising in patients with multiple disturbances, evaluating the physiclogical validity of the
diagnostic possibilities being explored, and organizing a number of fragmented and seemingly
unrelated facts into a coherent causal description.

4:1 Anatomical Knowledge

The anatomical knowledge of the system includes (1) a part-of hierarchy for organ systems,
(2) connected-fo relations, which provide the material flow information, and (3) contained-in and
position relations which provide grosa anatomical relations between anatomical entiies.

3.1.1 Anatomlcal Taxonomy

The part-of hierarchy defines the various anatomical paris af the body by defining each organ
system in relation to the body, and each sub-organ in relation to the organ-system containing it.
The part-of hierarchy provides us with the laxonomic hierarchy for anatomical parts. A small
section of tha part-of hierarch]r" and its graphical representation is shown in figure 7.

3.1.2 Malerial Flow Pathways

Material Now {a.g. the flow of glomerular filtrate) is representsd by the connected-fo relation.
For example, the path of the filtrale in the kidney can be described as shown in figure 8. As can
be seen from the figure, the material low relation is specified al various levels of detall. The
rationale for this multiple level description ks provided later on in this section.

The anatomical knowledge that follows in the remainder of this section has been included to
provide a fuller description of ABEL's knowledge base. However, this knowledge is currantly not
used by the program in its diagnostic reasoning.

8. The dala are expressed in XLMS [HawkinsonB0], which is briclly described in appendix 1.
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Fig. 7. The part-of hierarchy

[body
[urinary-system = (anat-entity*s "urinary-system")tu
[kidney = (anat-entity*s "kidney®)tu
[cortex = (anat-entity*s "cortex™)tu]
[medulla = {anat-entity*s "medulla")ru]
[nephron = (anat-entity*s “nephron”)tu
[tubule = (anat-entity*s “tubule")tu
[proximal-tubule
= (anat-entity*s "proximal-tubule®)tu]
[1oop-of-henlea
= (anat-entity*s "loop-of-henle”)ru]
[distal-tubula
= (anat-entity*s "distal-tubule®)ru]]
[glomerulus = (anat-entity*s “glomerulus")+u]]
[collecting-duct
= (anat-entity®s "collecting-duct™)tu])
[ureter = (anat-entity®*s "ureter”)tu]
[bladder = {anat-entity*s "bladder")tu]
[urethra = (anat-entity*s "urethra")tu]]]

body

A\“’“\

kidnay ureter bladder

medulla naphron collecting-duct

glomerulus

part-of
#

proximal tubule loop of Henla distal tubule
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Fig. 8. Mataerial flow relations

[({connected*b mephron)*e collecting-duct)]
[({connected*b glomerulus)*e tubule)]
[({connected*b tubule)*e collecting-duct)]
[{({connected*b glomerulus)®e proximal-tubula)]
[{{connected®b proximal-tubule)*e loop-of-henlae)
[{({connected®*b lToop-of-henle)*e distal-tubule)]
[((connected*t distal-tubule)*a collecting-duct)]
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4.1.3 Anatomical Spaces

Various anatomical parts of the body are distributed in different spaces. These Spaces are
generally isclated from one another by membrane barriers which prevent the free flow of various
electrolytes, proteins elc. Thuos, the compasition of the fuid surrgunding organs in a glven
comparment can be different from that in other compartments. These general characteristics of
the compartment can be useful in diagnosis and management of various diseases. Examples of
such a compartment are the cranial-cavity and the peritoneal-cavity. Although the anatomical
part-of relation and spatial containment relation are very similar, a distinction between the two
mustbe made. For example, the cortex and the nephron are two differant parts of the kidney and
the nephron has two parts, the glomerulus and the tubule: however, the glomerulus is contained

in the anatomical space of the corex while the hibule is contained in the anatomical space of the
medulla. A graphical rapresermtation of this can be seen in Tigure B,
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Fig. 9. The containment ralation

[body-space
[{(contains*b body-spaca)*s cranial-cavity)]
[{{contains*b body-space)*e abdominal-cavity)]
[{(contains*b body-space)®*e oropharynx-cavity)]
[{(contains™*b body-space)®s thoracic-cavity)]

[abdominal-cavity
[{(contains*b abdominal-cavity)*e stomach-spacae)]
[{(contains*b abdominal-cavity)*e spleen-spaca)]
[{(contains*b abdominal-cavity)*e liver-space)]
[{(contains®*bh abdominal-cavity)®e kidney-spaca)]

]

[kidney-space
[{{contains*h kidney-space)®a cortex-space)]
[((contains*b kidney-space)*e medulla-spaca)]]

[cortex-space
[((contains*y cortex-space)®e glomerular-space)]]

[medulla-space
[{{contains*b medulla-space)*s tubular-spaca)}]]

body space
abdominal cavity
kidnay space
cortex space medulla space
glomerular space tubular space

cranial cavity
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3.1.4 Miscellaneouws Gross Anatomical Relations

A lew additional anatomical relations are useful in common sense reasoning in medicine. An
example of such a relation is the relative positioning of various anatomical spaces in supine
position (lying face up in bed}, erect position (standing up or ambulatory), ete. The use of this
information can be ilustrated by the following example. Let us consider a patient with nephratic
syndrome. A common symptom in nephrotic syndrome is periorbital edema {accumulation of fuid
under the skin around the eye). In ambulalory patients. the periorbital edema can be ohserved
only in the morning (alter the patient has been lying down for some period of time); this
accumulation of fluid can gravitationally move into other spaces once the patient has been up and
argund for some hours in the day. Thus the symptom is observable only in the morning and tends
to disappear laler in the day. Exactly an opposite effect can be chserved in the case of pedal
edema (accumulation of fluid in the feet) which tends to appear towards the evening and
disappear in the mornings. This information can be used to explain away the absence of pedal
edema in an edematous patient who is comatose. This information is encoded in the program
with the use of positional relations as shown in figure 10

We would like o note that the use of the anatomical knowledge in the current implementation
of ABEL is limited to the use of anatomic taxonomy. However, we believe that the knowiledge
described hare will be useful for further development of the diagnostic component as well as the
therapy and prognosis companents of the projact.

Fig. 10. Gross analomical relations
cranial-cavity

anpcl-below I bl
tharacic-cavity upper-limb-space

Braci-heihow

abdominal-cavity

enech below

lower-limb-space
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3.2 Etiological Knowlaedge

Disease categories are primarily organized around the organ systems; e.g., renal diseases,
pulmonary dissases, liver diseases. In the previous section we have provided the basic
framework of anatomical knowledge needed o provide such a categorization. The diseases of a
given organ system tend to produce many symploms associated with the loss of lunction of that
system. For example, regardiess of the cause of renal fallure, all the diseases causing renal
failure share commaon Symploma.

Fig. 11. Etiological hlararchy

[eticlogy = (medical-entity*s "etiology”™)
[infectious = {etiology*s "infectious®)]
[immunologic = (etiology*s “immunologic")]
[degenerative = (etiology®s "degenerative”)]
[toxic = (etiology®s "toxic®)
[biolegic-toxins = {toxic*s "biolegic-toxins®)]
[chemical-toxins = (texic*s "chemical-toxins")]]
[metabolic = (etiology*s "metabolic")
[genatic = (metabolic*s ")]
[congenital = (metabolic*s =)]
[endocrine = (metabolic*s *)]]

R

etiology

infeclious toxic immunologic  degenerative matabolic - .- .-
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biologic chemical genetic endocring - - .-
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Another important criterion for organizing diseases is the underlying mechanism causing the
clinical disorder, i.e., the etiology of the disease. Similar o the anatomical calegorization, the
diseases with common etiology share symploms common o the disease mechanism. For
example, most infectious diseases cause fever. The taxonomy of eticlogies in the program is
shown in Rigura 11.

3.3 Physiological Knowledge

Knowledge about the normal functioning of the body and its adaptive response to
abnormalities in body lunction plays an important role in the understanding and recognition of
diseases. The need for this understanding is even more acutely falt in complex clinical settings
invalving the simultaneous presence of multiple abnormalities. Emphasizing this need, Dr. Jordan
Cohen notes:

“The recognition of how common mixed disturbances are in complex clinical
seflings has served to emphasize the wvalue of recognizing the lmits of the
physiologie response o simple disturbances, because frequently by reference fo
these [imits one can recognize when a complex disturbance involving more than
ane simple abnormality is presant.**

— New Concepls of Acid-Base Balance [Cohen?7, page 1],

In the physiological component of the program we have concentrated on the knowledge
necessary in dealing with fluid, electrolyte and acid-basa disorders. The physlological knowledge
about fluids and electrolyles in the program deals with fluid compartments of the body and the
distribution of body fuids in vardous fluld compartments, the composition of fluid in each
compartment, the space of distribution of solutes, exchange of fluid and electrolytes between
these compartments, and the homeostatic mechanism for regulating the quantity and
compaosition of the body flulds.

For example, let us look at the definition of the Serum-Potassium concentration:

[body = ({anatomical-entity*s "body”)*u patient)
[body-fluid = ({fluid*s "body-fluid”)*u body)
[ecl = ({fluid*s "extracellular”)*u body~fluid)
[ecf-k = (K*u acf)
[serum=-k = [concentration*u ecf-k)
[Tow-serum-k = (serum-k*f low)
[defaulttu #v 13.0]
[rangetu #c !'(between 2.0 3.5)]
#s (standard-error®*t 11.0,11.0)]
[high-serum-k = [serum-m*l high)
R &
[normal-serum-k = (serum-k*f normal)

+++- 111111

The above expression delines serum:K (scrum potassium) to be the concentration of polassium
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ion (K) in the extracellular fluid compartment (ecl), which is one of the componegnts of the body
fluid (body-fluid). The serum-K is further calegorized as being either low (L.e., [(serum-k*f low)]),
normal or high. Each of these categories is also associaled with its default value, range and the
acceptable amount of variance associated with its value (standard-error, in this case +1.0). The
naxt example shows the encoding of the normal composition of the lower-Gl-fluid. The
lower-Gl-fluld containg, in addition to water, Ma, K, €l and HI.'_:I:JS. The gquantities-of thesa
electrolytes and their variations are further specified in tarms of the total quantity of the fluid. For
example, the quantity of K iz specified to be equal to 40.0 +10.0 meg/L of water in the
lower-Gl-fluid.

[Towar-gi-fluid
[water:u #c (quantity®*u Tower-gi-Tluid)]
[K:u #c (timas®*c water:u,140.0)
#s5 (standard-error®*t
{times*c water:;u,!10.0),(times*c water:u, 110.0))]
[Na:u #c (times*c water:w,]1110.0)
#5 (standard-error®*t
(times*c water:u,!10.0),(times*c watear:u,110.0))]
[Ch:iu #c (times*c water:u,|80.0)
#s (standard-arror*t
(times*c water;u,[20.0),(timas*c water:u,[10.0))]
[HCO3:w #c (times*c water:w, [40.0)
#s (standard-error*t
(times*c wateriu,[10.0),(times*c water:w, [20.0)})]]

In the previous three sections we have described the anatomical, physiological and
efiological knowledge which, along with the temporal characterization, forms a basis for the
taxonomic organization of diseases discussed in the next section.

3.4 Disease Knowledge

In studying the organization of medical knowledge about diseases Pople notes

“There are iwo conceplval frameworks that are used lo organize medical
knowiedge, ... One of these emplays the conce of causality or pathophysiology
lo esfablish a neiwork of inlerrelaled palthological stales Thal might arise in the
course of a diseaze. The other lype of struciure is the laxonomy of diseases, also
called & "nosology™, which is used fo classify disease enfilies on the basis of
anatomical locus, eticlogical agent, or other unilying principle,

— Structuring Medical Diagnosis [Pople8i]

This section doals with the use of anatomical, prplshulnglcal. elivlogical and temporal knowledge
in defining a taxonomic dissase hierarchy, With this taxonomic hierarchy in place, we will have
completed the study of the basic medical concepls needed in ABEL for the description of disaasa
pathophysiology.
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A disease is defined in terms of its anatomical involvement, its temporal characteristic, its
stiologic characterization and its pathophysiclogy. As each of the anatomic, etiologic, and
physiclegle knowledge is higrarchically organized, the locus of a disease along each of thess
dimensions can be selected at an appropriate level. A hierarchic organization for the disease
definitions can then be derived from these loci® For example, acute renal failure caused by
nephrotoxic drugs could be specified as

[renal-disease = (disease*anat renal-system)
[renal-failure = (renal-disease*object (urine-volume*f Tow))
[acute-renal-failure = (renal-failure*tempch acute)
[drug-induced-acute-renal-failure
= {acute-renal-failure*etiology chemical-toxins}]]]]

The axample above defines renal-disease to be a disease of the renal-system (anatomical
locus). Renal-faillure is then defined as a renal disease characterized by low urine output
{physiological locus). Acute-renal-failure is defined to be renal-fallure with an acute temporal
characteristic, and finally, the drug-induced-acute-renal-failure is defined 1o be acute-renal-failure
of chemically-toxic etiology. Mote that each step of the above definition defines a disease which
s further specialized by one of its primary characterizations. This provides a more specific
placing of the dissases in the taxonomic hierarchy. In the next example we show how the disease
definitions can be laxonomically organized along a single locus:

[GI-disturbance = (disturbance*anat gastrointestinal-system)
[lower-GI-disturbance = (GI-disturbance*anat lower-gi-tract)]
[disturbance-of-colon = (lower-GI-Disturbance*anat colon)]]]

[renal-disease = (disease*anat renal-system)
[nephritis = (renal-disease*anat nephron)
[glemerular-nephritis = (nephritis*anat glomeruius)]]]

As can be seen Irom the above two examples, the basic medical knowledge about anatomy,
stiology etc., provides us with a framework for describing and organizing the disease hierarchy.
Wa believe in the need for such a knowledge structure in the organization of any meadical
consulling program capable of expert level performance. However, we must note that this
devalopment is tentative and the details of the knowledge representation described shove are
likely to evolve considerably as its use in the diagnostic and therapeutic algorithms is better
understood."®

8. Each hierarchy. such 2a the anatomic taxonomy, provides us with a tree structured partial order. The
tree structure for the disease dedinitons is then derived Irom teese partinl orders.

10. In the current implementation of ABEL, Ihis knowledge is uscd only for grouping different tindings and
diseases in diagnostic problem solving. Howaver, the knowledge regresentation described in this chapler is
capable of supponing a substantially widor vaniety of uses,
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In the next section we will study the representation mechanisms for describing the causal
ipathophysiological) knowledge relating different diseases.

3.5 Causal Link

A causal link specifies the cause-effect ralation between the cause (the antecedent) and the
effect (the consequent) states. In the previous generation of programs (i.e., PIP, INTERNIST and
GLAUCOMA), causal relations were described by links specifying the type of causality {(e.g..
may-be-caused-by, complication-of, etc.), and a number or a set of numbers repregenting in some
form the lkelihood (conditional probability), importance, etc., of observing the effect given the
causa or vice versa. We belleve that this simple representation of the relation between states is
inadequate. The form of presentation of an effect and the likelihood of cbserving it depend upon
various aspects of the presentation of the cause instance such as severity and duration, as well as
on other factors in the context in which the causal phenomenaon is manifested [such as the
patient’s age, sex and weight, and the current hypothesis about the patient's illness). To illustrate
this, let us consider a [simplified) causal relation batwean diarrhea and dehydration. A rule-based
description of this causal relation can be specified as follows:

IF diarrhea is sevare,
and its duration is greater than two days,
THER
IF the patient has not received fluid replacement therapy
THEN the patient is Tikely te have moderately severe defydralion
ELSE the patient may have mild dehydration

From the above simple example, it is apparent that the conditional probability of observing
dehydration and its severity and duration depend on the severity and duration of diarrhea and the
fluid replacement therapy. Even this simplified example clearly demonstrales the need for
information on how a cause relates to an effect, as well as other contextual information

Fig. 12. Schematle descripilon of a causal link

Causnl: Link
Effect-Instance { CauseInstance

Attribute:1 . _
P Mapping Attributect

' Relation Abtribule-2
Abiribute:3

Conbexis Cirl@ults
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influencing the causal relation. To capture this information, the description of a causal ink has
associaled with # a muitivariate relation between attributes of the cause and the efect, the
context, and the assumptions which constrain the causal relation. A schematic description of a
causal link and its representation in the data-base are shown in figure 12.

An example of the causal relation between total extracellular stores of potassium (eci-K) and
its serum concentration (serum-K) is described balow.

[(({caused-by*b acf-k)*e serum-k)
[context:1 #v total-ecf-water]
[source:u
[valuetu #c (times=c (value®c (value*u destination:u)),
(value*c context:1))]
[start-timetu #c (value*c (start-time*u destination:u))]]
[destimation:u
[valuetu #c (quotient*c (value*c (value*u sourcae:u}),
(value®*c context:1))]
[start-timetu #c (value*c (start-time*u source:u))]]]

The causal relation between ech-k stores and serum-k is specified by a causal link with cause
(source) ecfK and effect (destination) serum-k. The mapping relation describing this link is
divided into two parts. The first part is associated with the source of the link and describes
procedures for computing the attributes of the sowrce (cause) given the attributes of the
destination (eflect). and the second part s assocated with the destination given the attributes of
the source. For example, the total quantity of potassium in the extracellular compartment (valua
of e source) is characterized as being the product of the quantity of the extracellular water
(value of the context, total-ecl-water) and the concentration of the potassiem ion in it (destination,
serum-k).

Strictly speaking, it would not be appropriate to call all relations of this kind “causal,” as
soma of the relationships are more matters of definition or association than cause. A more
rigorous analysis; perhaps foflowing the lines of [Rieger?7], would further distinguish potential
cause from actual, enabling conditions from true causations, etc. Such an expansion would,
however, be orthogonal to cur present argument, that any such link must connect saveral aspacts
of its source and destination,

4.6 Multi-Level Causal Descriplion

Medical knowledge about different diseases and their pathophysiology is understood o
varying degrees of detail. Our undersianding of medical expert reasoning also suggests that an
expert physician may have an understanding of a difficult case in terms of several lavels of dotail,
For example, “serum creatinine concentration of 1.2 mg per cent” i3 at a distinctly differant lavel
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than “high serum creatinine”,"" and “lower gastrointestinal loss” than “salmoneffosis”. For our
program to reason at a sophisticated level of competence, it will need to share such a range of
representations. In order to be effective the program must be able to describe the problem briefty
yet still be able to lake low level detail into consideration. We have attacked this problem by
reprasenting the program's medical and case-specific knowledge at five distinct levels of detail, '
ranging from a pathophysiological level to a phenomenological level of knowledge.

The patient description developed here provides us with the ability to describe the patient’s
iliness at various levels of detail. Each level of the description can be viewed as a semantic net
describing a network of relations between diseases and findings. Each node represents a normal
or abnormal state of a physiolegical parameter and each link represents some relation (causal,
asgociational, etc.) between different stales. A state in the system is represented as a node in the
causal network. Associated with each node is a set of atiributes describing ils temporal
characteristics, severity or value, and other relevant attributes. A node is called primitive if it does
not contain internal structure and is called composite if it can be defined in terms of a causal
network of states at the next more detalled level of description. One of the nodes at thal mora
detailed level is designated as the focus node and the causal network is called the elaborafion

Fig. 13. Schematic description of the node structure
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11. A serum creatining of 1.2 mg por cenl can be interpreted in more than one way, For example we can
assume this to-be normal for A Fuscular male patient. Bul, for a averago built lemale patient 1his could be an
early indication of loss of as much as 1723 ol Ihe renal lunclion.

12, The numbes fve doos nol have any modical o cogniliee significance; it was choson for purcly
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structure of the composite node. Figure 13 shows a schematic of the elaboration structure for a
composite node labeled X. Modes A through F and links between them form X's elaboration
structure. Mode X and F are connected together by a focus iink making F the focus of the
elaboration structure. The focus node identifies the essential part of the causal structure of the
node above it. The collection of focal nodes acts to align the causal networks represented by
different levels of the PSM. We note that very often a composite node and its focal description at
the next level share the same name.'3 Nodes that do not play a role as the focal definition of any
node al a higher level are called non-aggregable nodes. They represent a detailed aspect of the
causal model which is subsumed under other nodes with different foci at less detailed levels af
description.

To Wlustrate the description of a state at various levels of aggregation, let us consider the
electrolyte and acid-base disturbances that occur with salmonellosis, which causes excessive
loss-of lower gastrointestinal fluid (lower GI fluid loss). In comparison with plasma, tha lower Gl
fluid is rich in bicarbonate (HCO3) and potassium (K) and is deficient in sadium (Ma) and chloride
(Cl). The composition of lower gastrointestinal fluid and plasma are shown in figure 14. The loss

Fig. 14, Comparision of lower Gl fluid and of plasma

Lower GI fluid Plasma
e 00110 138 - 145 mEg/L
K 30 - 40 4.5 mEg/L
e Bl - B0 106 - 110 mEg/L
HOO3 a0 - il 24 . 3 mEgy/L

Fig. 13. The loss of electrolytes in lower Gi fluid
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13, Thes is lypical in English, where the level of detail of place names, for exanphe, Is olion oblamed from
conlext and nod encoded e mame wsod.



Mutti-Leve! Causal Descriphion 57

of lower Gl fluid leads to the loss of corresponding quantities of its constituents as shown in figure
15. Therefore, an excessive loss of lower Gl fluid withou! adequate raplacement of fluid and
electrolytes leads to a net reduction in the total quantity of fluid in the extracellular compartment
(called hypovolemia). Because the concentration of K and HCO3 in the lower Gl fluid is greater
than in the plasma, there is also a corresponding reduction in the serum conceniration of K
(called hypokalemia) and HCOA (called hypobicarbonatemia) in the extracellular fuid, Finally,
becauss the concentration of Cl and Na in the lower GI fluid is lower than that in the plasma, thers
s corresponding increase in the concentration of CJ (cafed hyperchioremia) and Na (called
hypernatremia) in the extracellular fluid. A graphic representation of this information at the naxt
higher level of aggregation is shown in figure 18. Figure 17 shows the aggragation of this
information-along with some additional causes and consequences of lower Gl loss at the next
more aggregate leval of detail. Hypobicarbonatemia is interpreted as metabolic acidosis at the
next higher level of detail. Mote that the hypernatremia and hyperchloremia have not been
encoded at this level. " The hyperchloremia was not encoded because It Is nof clinically
significant. The hypernatremia, however, is not encoded because it 5 not a commaon finding in
the presentation of lower Gl loss. The lower Gl loss at this level is a non-aggregable state and
therefore does not have a focal aggregation at the next level above. Figure 18 shows the

Fig. 16. Consequences of lower Gi loss described at naxt higher level

hypobicarbonatemia o Stuses
hypokalemia . Causes

hyperchloremia o ™3 ) ouwer Gl fluid-losses
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Fig. 17. Lower Gi loss expressed al an intermediate level
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4. The causal knowledge described here is encoded by hand, and ropresonts the program's general
medichl knowledge. A similar multi-level description built by the program fo describe a specific patient
Hiness will be discussod in chapher 4
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Fig. 18. Salmonellosis and its consequences expressed al the clinical level
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description of the aggregale effects of salmonellosis (one of the causes of lower Gl loss).

Links can be categorized into two types, as nodes are: the primitive links and the composie
links. To illustrate the concept of elaborating causal links to form a causal chain, ket us consider
the causal relation between salmonellosis and dehydration shown in figure 19, The causal
mechanism of dehydration caused by salmonellosis can be elaborated as follows: salmonellosis
causes lower Gl loss, which in turn causes dehydration. Expressed al the next level of greater
detail, the lower Gl loss leads to water loss which results in reduction in the extracellular volume,

Fig. 19. Layered description of link: salmonellosis causes dehydration
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The state of reduced extracellular volume is called dehydration.

Because the causal relations specified by links are not guaranteed to be true under all
circumstances (they represent strong associations, not logical truth), the validity of deductions
degrades with every additional intermediate link. That s, a causal pathway containing a large
number of links is less likely to be valid than one using only a few links. Therefore, in order to
explore a large diagnostic space, we must reduce the lengths of commonly accurring chaing of
causal relations. One way of achleving this is through the multi-level description proposed in this
chapter. The multi-level description scheme allows us to aggregate the diagnostic space lo a
level where each link represents an aggregate causal phanomeanon covering large distances and
thus minimizing the possibility of error in the deduction.

However, the multi-level description proposed above can not solve this problem completaty.
For example, there are situations where all the intermediate nodes in & given causal chain cannot
be suppressed due to limited number of levels of description. Stated differently, because of tha
fixed number of levels in the multi-level description, the programs ability to aggregate causal
descripton is imited, To overcome this problem we introduce the notion of a compiled link which
represents a causal pathway.'® The compiled links provide us with the ability to selectively
explore commaonly occurring causal paths more deeply than others without degrading the quality
of deduction. This also provides us with the additional ability to activate'® nodes which are not
immadiate neighbors of the node under consideration. For example, severe salmonellosis causes
dehydration sufficient o cause hypotension (lowering of blood pressure), This fact can be
represented in the data base by the compiled causal link as shown in the figure 20.

An important function of diagnostic reasoning i o relate causally the diseases and
symploms observed in a patient. These causal relations play a central role in idanlifying clusters
that can be meaningfully aggregated in developing coherent diagnoses. The presence or
absence of a causal relation balwesan a pair of states can change their diagnostic and prognostic
interpretations. Therefore, the system should and does have the capability of hypothesizing the
prasence or absence of a causal relation. This is the primary reason why links are considered

Fig. 20. Compiled link
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[{{caused-by*bh dehydration)*s hypolension)]]
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15, Dwring Ihe cxploration of @ disgnostic space, raversing o compiled Bnk is squivalent Bo fraversing the
predofined path associaled valh e comgiled link in a singhe Slep
16, This is samidar 1o “briggonng” o disease in P,
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objectsin their own right rather than simply an ordered pair of states.

In this section we have described the representation of the anatomic, physiologic and
etiologic medical knowledge around which the disease taxcnomy and pathophysiclogy s
organized. We have also discussed a multi-level hierarchic description of causal knowledga. In
the next section we will study the operations that use this knowledge in describing the Individual
patient's iliness by patient-spacific instantiation of relevant medical knowledge and by combining
the effects of multiple disease phenomena.
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4. Structure Building Operations

This chapter deals with the operations for bullding causal modals (called PSMs: the Patient
Specilic Models) that can explain a patient's illness. A PSM is created by instantiating portions of
ABEL's general medical knowledge. The creation of a PSM requires establishing and maintaining
a correspondence between the medical knowledge and the observations, so that the information
from each source can be added together. Much of the meaning of an observation depends on tha
context provided Dy the PSM; conversely, the PSM is created by assimilating many observations,
As the PSM is multi-level, this assimilation requires the ability to summarize a detailed description
into aggregate global summaries and the ability to disaggregate a summary into detailed
description. This can be achieved based on the observation that the cognitive maps can be
organized around local landmarks (focal nodes described in the previous chapter). The local
topology surrounding a landmark can be described relative to the landmark and the landmarks
then related to each other to construct the next level summary. It is possible to maintain sufficient
mapping between adjacent levels for efficient use of this map for problem solving, if the
summarization is carrbed out gradually using small steps, and in strict adherence to the principle
of locality. Finally, note that detailed descriptions are likely to be much more accurate than global
ones; detailed physiological descriptions lend to be much more accurate than global syndromic
descriptions. Furthermore, local inconsistencies are easy to detect and correct, and are usually
altributed to particular observations. Global inconsistencies, however, are much more difficult to
pin down and are usually due to systematic errors in the interpretation of local observations and
unwarranted extensions of local cbservations. Therefore, in building the PSM we interpret
observations al the most detalled level possible and resolve Inconsistencies arising at an
aggregate level by using more detailed levels.

4.1 Struciure of a PSM

A PSM is a multi-level causal model, each level of which attempts to give an account of the
program's understanding of the patient’s case. Each PSM contains all the diseases and findings
that have been cbserved or concluded in a given patient along with hypothesized diseases,
findings, and their interrelationships, which together form a coherent explanation. Within each
PSM, the known and hypothesized diseases, findings and their interrelationships are mutually
complementary, while the alternate PSMs provide alternate explanations which are mutually
exclusive and are compeling lo explain a patient's iliness. Note that considering a PSM as a
hypothesis for a patient’s Hiness avaoids the problem faced by the previous programs which
considered each possible individual disease as a complete hypothesis, as discussed in chapter 1.

The PSMs are implemented using a Patient Specific Data structure (called PSD). The PSDs
are organized in atrea. Thie PSD in the rool position of the tree conlaing cbserved findings and
the structure common to all the PSMs.  Dillering interpretations of the observed lindings are
described by creating inforior PSDs each containing incremental changes (ulilitions as well as
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deletions) to their superior PSD. Each PSD in the tree inherits from its superiors all the structure
present in them except that which ks explicitly deleted.”” The structure visible from each leal
node of the PSD tree corresponds to an individual PSM. The list of PSMs at any given instant of
diagnosia is called causal hypothesis list (CH-list).

Each PSD is implemented as a record structure containing a record for each level of
description, a list of deleted elements and a pointer to the superior PSD containing it. The record
structure of a PSDia:

{{I-Euar-ﬂ},{tauul-1},{Ievel-ﬂ'}.{mm-:!Lflevel-ﬂ,{dﬂa{ad-mh},{sumﬂnr}}

‘The description of each lavel is implemented as a record structure consisting of a set of nodes, a
set of links describing the relations batween the nodes at the given level, and two sets of focal
links connecting the description at the current level 1o the description at the adjacent lowar and
upper levels. The record structure of a level is:

(<nodes>, <links, <focal-links up>, <focal-links down )

The tree structure of the PSDs allows different PSMs to share structure common betwean
them, providing efficiency in storage as well as in comparison of the structures of different PSMs.
All the new information received Is always added to the root PSD, the PSD comman to evary PSM,
However, if this new information can be explained in more than one way In the context of a given
PSM, the leaf PSD corresponding to the PSM is expanded to represent each of these explanations
saparately.

The PSMs are created and augmented using structure building operations described in this
section. These operations are initial formulation to create the initial set of PSMs from the
presenting complaints and lab results, sggregation to summarize the description at a given leval
of detail to the next more aggregate level, elaboration 1o disaggregate the description at a given
bevel to the next more detailed level, projection to hypothesize associated findings and diseasas
suggestad by states in the PSM, and constitvent summation and decomposition 1o evaluate the
combined elfects of multiple etiologies and to evaluate the unaccounted components of partially
accounted findinga.

4.2 Initial Formulation

One of the most startling observations uncovered from the study of clinical problem solving is
the physician's response to the presenting complaints [Pauker78, Elstein??, Kassirer78].

17. The use of S0 tree is simslar to the use of a “contoxt tree” in CONNIVER [Sussman72].
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“The most striking aspect of the history-laking process revealed by the
prolocols js the sharp focus ol the clinicians’ problem-solving behavior.  The
subjects generated one oF more working hypotheses early in the history-taking
process when relatively lew facts were known aboul the patient, Af a time when
the clinician was aware only of the age, sex, and presenting compiaints of the
patient, he often immediately inlroduced 8 hypolhesis, ...

The process of hypothesis activation dominated the early part of the
diagnostic session as the physicians searched lor some explanation of the
findings and for & contexl in which o procesd.  L&ter in the session the emphasis
was on hypothesis evalvation rather than hypothesis aclivation.”

— Clinical Problem Solving [Kassirer78, pages 248 . 250]

It is useful for a program to separate, like clinicians, the initial formulation of the diagnostic
problem from subsequent revisions in the diagnostic alternatives. The patient specific
information available at the initial phases of diagnosis is generally limited to a few nonspecific
complaints. It does not provide sufficient context for a data-driven problem solver designed to
perform oplimally during later stages of diagnosis. Thus, failure to recognize the differences
between the initial and the subsequent stages of diagnosis may resull in an unlocused diagnostic
inquiry with many irrelevant questions until sufficient information can be gathered for establishing
a context for an orderly inquiry. The program presented here makes such a distinction. However,
substantial improvement in the initial formulation of the diagnostic problem will be required belore
this distinction can be effectively exploited.

When provided with the initial findings and a set of serum electrolyte values, ABEL constructs
a small set of PSMs, using the following steps. Firsl, it analyses the electrolytes and formulates
the possible single or multiple acid-base disturbances that are consistent with the slectrolyte
values provided. It then selects from them a small set which is consistent with the initial findings.
Mext, it generates a pathophysiological explanation of the electrolytes based on each of the
proposed acid-base disturbances. This is achieved by elaborating known clinical infarmation to
the pathophysiological level, where its relationships to the laboratory data is determined by
projecting the unigue causes and definite consequences of every node. The program then
summarizes these pathophysiclogical descriptions to the clinical level by repeated application of
the aggregation operations. This process results in the initial description of the patient being built
at every lavel of detail. These descriptions form the program's initial hypotheses, and are later
modified as new information becomeas available. Mote that each of the mechanisms, aggregation,
elaboration and projection are used in the initial formulation of the PSM.

4.3 Some Definitions

This section introduces the numing conventions and definitions for describing types of nodes
and their inlernal structures ina PSM.
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Fig. 21. Node types

ia) Fully Unaccounted Noda

n Bl by DI e

{b) Fulty Accounted Node

A
O=——70 sl acroumis na
B

{c) Partially unaccounted nodes

Prime Antecedent: A node is a prime antecedent if it does not have any
link coming into it, i.e., it does not have any causs.

Ulimate Eticlogy: & prime amtecedent is called ulimate etiology i it
represents a diagnosis, ie., a disease which does not nesd to be
axplained in the domain of application.

Unaccounted Node: a prime-antecedent which s not an ultimate
etivlogy. It ks called unaccounted bacause it necds to be accounted for
in terms of ultimate etiologies for the diagnosis to be completa.

Fully Accounted Mode: & node is said to be fully accounted if all its
CAUSEs are present.
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Fartially Accounted Node: A node is said to be partially accounted if only
some of its causes are prasent.

Accounted Component: the accounted component is a node which
describes the sum total of the effsct of all the known causes of a partially
accounted noda.

Unaccounted companent: the unaccounted component is a node which
describes that part of a partially accounted node that still remains to be
accounted for. In other words it represents the difference between the
partially accounted node and its accounted component.

Pradecessor path: a predecessor path of a node is defined to be any
causal path (with one or more links) leading into the node.

Some of thess structures are also Hlustrated in figure 21. Figure 21(a) shows a fully
unaccountad noda X. Figure 21(b) shows three possible structures for fully accounted nodes.
The first structure shows a fully accounted node X and its cause A. The second and third
structures show a fully accounted node X with two causal predecessors A and B which together
account for X. In the third structure X is a primitive node and therefors the compaonents of X (le.,
X4 and XE} accounted for by sach of its causes are explicitly instantialad. Howaver, in the second
struciure X is a fully accounted for composite node, therefore, A and B are directly connectad to
X suppressing the component structure present at the greater levels of detail. Figure 21(c) shows
two possible structures for partially accounted node X, X is decomposed into an accounted
component X , and an unaccounted compaonant Ay %y 5 an unaccounted node with structure
similar to case (a) and X is a fully accounted node and has structure similar to case (b).

4.4 Aggregation

The aggregation process is used to summarize the description of tha patient's illness at a
given level to the next more aggregate level, This summarization of the causal network is
achieved by identilying nodes (called focal nodes) which can serve as landmarks, sSummarizing
each focal node and its surrounding causal relationships at the next more aggregate lavel (called
focal aggregation), and by summarizing the chain of causal relations between nodes by a single
causal relation batween the initial cause and the final effect nodes (called cavsal aggregation).

4.4.1 Focal Aggregation

In aggregaling a causal network we must first identify the nodes that form the focal points
around which the causal phenomenon can be summarized. Consider a partially-constructed PSM
in which some nodes at a detailed level have been instantiated. A node is a focal node if the
lollowing three conditions are satisfied. (1) In the medical knowledge-base this node is the focus
of the elaboration structure of at least one node ot the next mwore aggregale kevel. (2) In tha PSKM
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at least one such higher level node already exists, or can be instantiated. (3) The aggregation is
not inconsistent with the existing structure of the PSM. If the aggregale node does not exist, than
both it and the focal link are instantiated. If the aggregate node exists, the focal link connecting
the two is instantiated and the profiles of the locus and the aggregate nodes are updated using
any additional information that can be inferred by this connection, Finally, it more than one
possible candidata for aggregation is consistent with the causal structure above, the focal
aggregation process is deferred until additional information can be obtained to resglve this

ambiguity.
4.4.2 Causal Aggragation

Once we have determined the focal aggregations for nodes at a given level of detail we need
o datermine the causal relations among these aggregate nodes. This is achieved using causal
aggregation. The process of causal aggregation lakes a node and its causes and aggregales the
relation between them according to one of three rules. First, if the node has no causal
predecessors or if none of the causal paths leading into the node (predecessor paths) have an
aggregable node, then the focal aggregation of the node does not have any causal predecessors.
The fecal aggregation node then is either an ultimate etiology or is an unaccounted node and no
new edges need to be added to the aggregation. Figure 22 shows two examples of causal
aggregation of fully unaccounted nodes. The first example shows causal aggregation of low
serum-K-1. Focally aggregating we instantiate hypokalemia-1, Mext, we follow the predecassor

Fig. 22. Causal aggregation: fully unaccounted node
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Fig. 23. Causal aggregation: fully accounted node
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Fig. 24. Causal aggregation: partially accounted node
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path of low-serum-K-1 in search of an aggregable node. As low-total-eci-K-1 and K-loss- 1 are nol
aggregable nodes, this search fails, and no additional structure is created. However, as the
predecessor path terminates in an unaccounted node, the focal aggragation of low-sarum-K-1,
hypokalemia-1, is marked unaccounted.  The second example shows high-serum-Cl11, As high-
serum-Cl-1 does not have any predecessor, its focal aggregation, hyperchloremia-1, does not
have any causal predecessor. Furthermore, as high-serum-Cl-1 |8 unaccounted,
hyperchloremia-1 is also unaccounted.

Second, If every predecessor path has a node with a focal aggregation then the focal
aggregation of the nade is fully accounted for. The causal aggregation is achieved by crealing a
causal link between the focal aggregation of the node and the first focal aggregation in each path.
Figure 23 shows two examples of causal aggregation of fully accounted nodes. In the first
example the low-serum-K-1 has one predecessor path and that predecessor path contains an
aggragable node, lower-Gi-loss-1. Therelore, low-serum-K-1 is a fully accounted node, and its
causal aggregation is achieved by focally aggregating lower-Gi-loss-1 and causally connacting
hypokalemia-1 to it. In the second example, low-serum-K-1 has two predecessor paths, each
containing an aggregable node. The causal aggregation is achieved by focally aggregaling each
of these two aggregable nodes and then causally cennecting hypokalemia-1 to them as shown.

-
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Finally, if only some of the predecessor paths have nodes with focal aggregations then the
local aggregation of this node is partially accounted for. The causal aggregation is achieved by
decomposing the node Into two companents: (1) the accounied compongnt, due to paths which
have soma focal aggregation, and (2) the unaccounted companent, due to paths that do not. The
tocal aggregation of the node is then decomposad based an the decomposition at the prasent
leved and the bwo cases are treated as described above. Any new information that can be derived
from the addition of causal links in the PSM is usad to update the profiles of nodes involved in
aggregation. Figure 24 shows an example of causal aggregation of a partially accounted node.
In this example one of the two predecessor paths of low-serum-K-1 contains an afggregable noda,
lower-Gi-loss-1, we focally aggregate this node. The other predecessor path lerminates in
K-loss-3. an unaccounted node. Mext, we compute the component of low-serum-K-1 that can be
accounted for by lower-Gi-loss-1 and the component that remains unaccounted for because of
the unaccounted K-loss-3. Then we compute the mapping of these two components at the naxt
level of aggregation and instantiate hypokalemia-2 (the component accounted for by lower-Gi-
loss-1) and hypokalemia-3 (due to unaccounted K-loss-3). We then causally connect
hypokalemia-2 to lower-Gi-loss-1 and mark the hypokalemia.3 as being unaccounted for.

4.5 Elaboration

Elaboration is the dual of the aggregation operation described above. It i used to
disaggregate the description of a causal network at a given lavel to the next more detailed level,
In other words, given a summary description of a causal phenomenon, it provides a more detailed
description consistent with the summary. This is achisvad by instantiating the focal description of
each composite node (called focal elaboration) and by instantiating the causal pathway betwean
these delailed nodes corresponding to each causal link at the aggregate level (called causal
staboration). If the causal pathway being instantiated interacts with other causal paths in the
PSM, the combined effects of the multiple causality are computed wsing component summation.
The combined elfects of this summation can then be aggregated upwards to reflect the better
understanding of the causal phenomenaon at the higher levels ol aggregation. — This is one
mechanism where two aggregate phenomena may become linked, through the interaction of their
detailed descriptions.

In summary, the focal aggregation and elaboration create mappings betwesn nodes across
different levels, and causal aggregation and elaborations create mappings betwean causal links
across different levels,

4.5.1 Focal Elaboration

To elaborate a causal netwoark we identily the nodes in the nelwork that have been used as
summary descriptions, establish their references al the next more detailed leved, and establish
additional nodes amd links at the dotailed level to describe the phenomenaon described in the
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aggragate network. The operation of focal elaboration deals with the first two of the three steps
mentionad abova.

A node can be focally elaborated if it is a composite node, and it a node corresponding to its
focus already exists or can be instantiated in the PSM. I the focus node does not exist, then bath
it and the focal link are instantiated. If the new node is inconsistent with the detailed level, the
detailed level is modified to re-establish overall consistency. If the focus node exists and is
consistent, then the local knk connecting the two is created and the profiles of the node and its
focus are updated using any additional information that can be inferred by this symbiosis. Finally,
if more than one possible candidale for focal elaboration is consistent with the causal structure
above, the focal elaboration process is deferred untd additional information to resolve this
ambiguity can be obtained.

4.5.2 Causal Elaboration

Causal elaboration is used to determine the causal relations between nodes at a detailed level
based on the causal relationa between the nodes at the next more aggregate level. Causal
elaboralion ks centered arpund the composite causal link and the chain of causal links that
describe each compasite causal link. To elaborate a composite link, the program matches the
causal path assoclaled with the Eink, against existing paths in the PSM. If some part of thig
pathway is not pre'aant. the program recurs on each missing link in the pathway (starting from the
focus node of the cause) until the link being elaborated is a primitive. When the link being
elaborated is primitive it is instantialed under ane of the following conditions.

(1) If the effect node is not presant in the PSM, the effect node and tha
link ara instantiated.

(2) i the effect node Is present, and the constrainis on the link are
satisfied and it is not causally inconsistent, then the link is instantiated
connecting the cause and the effect node.

(3) M the affect node is present but ks partially or fully accounted by some
other cause, tha effects of this additional cause are combinad with the
existing structure uging the component summaltion and decomposition
operation and this combined effect is propagated further as needed,

The program also updates the profiles of the nodes in the causal pathway Lusing any
additienal information that can be inferred by addition of the pathway. Finally, the aggregation
operation is used to revise the description of the next more aggregate level to reflect the addition
ol the causal pathway,
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Fig. 25. An exampie of the elaboration process
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This process Is illustrated with the help of the simple example shown in figure 25. Let us
consider a patient with hypokalemia and salmonellosis. For the example, let us also assume that
by some reasoning process we have established a causal link between salmonellosis and
hypokalemia. The elaboration operation can then be used lo establish this relalion at more
detailed levels. The pre-existing structure in the PSM iz shown in solid lines, the link belng
causally elaborated (between hypokalemia and salmonellosis) is shown in solid bold and the links
added by the process ol elaboration are shown in bold broken lines. The elaboration process
attempts to malch the causal path corresponding to the link between salmonellosis and
hypokalemia at the next level of detail, namely, salmonellosis —causes—> lower-Gl-loss
—cauges—> hypokalemin, The link between salmonellosis and lower-Gl-loss already exisis.
However, the link between lower-Gl-loss amnd hypokalemia does not and must be created and
elaboraled further. Similarly, at the next level, the link between lower Gl loss and K-loss doas not
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exist. As this link is primitive the recursion terminates with creation of this link. Furthermore, as
the attributes of K-loss and Lower-Gl-loss are compatible and the two are causally consistent, this
link can be established by simply adding its instantiation 1o the PSM. Having established this link
the program aggregates this causal path to propagate the effects of the elaboration back to the
higher levels of aggregation.

4.6 Projectlon

The projection operation is used to hypothesize and explain the associated findings and
diseases suggesied by the states in a PSM. The projection operation is very similar to
etaboration. It differs from elaboration in that the causal retation baing projected is hypothetical
and therefore is not present in the PSM. Furthermaore, the projection operation fails if the causal
description of the hypothesized link is inconsistent with the description in the PSM at any level of
detail. As aresull, the application of the projection operation cannot result in the decomposition
of a fully accounted node, creating an additional unaccounted component and therefore
degrading the guality of explanation.

As stated above the projection operation is not an essential compoanant of the structura
building operations. However, it plays an important role in the diagnostic problem solver in
exploring diagnostic possibilities, evaluating their validity and in generating expectations about
the consequences of hypothesized diagnosss.

4.7 Component Summation and Decomposition

One of the important mechanisms in developing an understanding of the patient's illness is
the evaluation of the effects of more than one disease present in the patient simultaneously,
espacially when one of the diseases alters the presentation of the others. To deal with such a
situation competently, the program must have the ability to identify the effect of each causs
individually, and the ability to combine these effects together. In this section we presant the
component summation and decomposition operations. Componemt summation combines
attributes of the components to generate the attributes of the joint node: componeant
decomposition identifies the unaccounted component by noting differences between the joint
node and its existing components. Thiess operations enrich the PSM by instantiating and unifying
component nodes when the case demands them. This occurs whenever multiple causes
contribute jointly to a single effect. An important case of this arises whenever feedback is
modeled, because in any feedback loop there is at least one node acted on both by an outside
lactor and by the feedback loop itself, Finally, the decompaosition of an effect with multiple causes
nto its causal components will also provide us with valuable information for avaluating the
prognosis and formudating therapautic interventions.
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As the PSM is built, component summation and decomposition operations can cause a node
in the program's ganeral knowledge to be instantiated as a node and its several companents in
the PSM. It a node is primitive and there are multiple causes, the contribution of each cause is
instantiated separately. Then the profile of the combination is computed using component
summation. The combined effect is then instantiated and connected to its constituents by
corstituent Hrks.

Becausa components are defined only for primitive nodes, the instantiation of composita
nodes which invalve component summation must ba in terms of the summation of components in
thee node’s elaboration structura. I the node is compasite then we elaborate the constituant
nodes around their focal nodes until we reach the primitive nodes associated with them. Then we
combing these primitive nodes and aggregate their effects back., For exampla, if we know that a
patient has hypobicarbonatemia and hypocapnia causing acidemia (figure 28), we can evaluals
their combined effect as follows: (1) compute the component of acidemia caused by
hypobicarbonatemia and hypocapnia individually, (2) focally elaborate thess two componants
pntil each component can be described in terms of change in serum-pH (a primitive node),
{3) sum the two components using component summation, and (4) aggregate the joint effect to
derive the actual severity of acidemia.

Az mentioned above, the mechaniam ol component summation allows us to represent
tesdback explicitly by reprasenting the primary componant of the change (the forward path) and
the sacondary feadback component (the response of the komeostatic mechanism in defensa of
the parameter being changead) as components to be summed to yield the whole. Figure 27 shows

Fig. 26. An example of component summation/decomposition
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Fig. 27. Feedback loop represented using componenl summation
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the primary change in serum pH caused by law serum bicarbonate and tha responss of the
respiratory system 1o the change in serum pH. Read the example as follows: the lowaring of the
concentration of serum bicarbonale causes a reduction in serum pH, which causes
hyperventilation and thus reduces the pCGOg, which in turn causes an increase in the serum-pH
(negative leedback). This increase is less than the initial reduction, causing a nat reduction in
sarum pH.

These operations deal not only with the magnitude of some disorder bul also with other
attribules such as duration. They are implemented by associating with each primitive node a
multivariate relation that constrains the attributes of the node and its components. This mapping
function is used by component summation in computing the attributes of the |oint node from the
attributes of the component nodes and by componant decompaosition in computing the attributes
of the unaccounted component from the attributes of the joint node and its axiating componeants.
An gxample of the constraints is shown in the next example.
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[{concentration®u electrolyta)
[union:u
[valuatu #c (combine-electrolyte-valua*c
(value*c (value®*u component:1)),
(valuve*c (value*u componant:2)),
(default®c component:1))]
[start-timatu
#c (min*c (value*c (start-time*u component:1)),
(vlaue*c (start-time*u component:2)))]
[durationtu
#c (max*c (value*c (duration®u component:1)),
(value*c (duration*u component:2)))]
[beliaftu
#c (min*c (value®*c (belief*u component:1)),
(value*c (belieif*u component:2)))]
[component: 1
[valuetu #c (componant-elactrolyte-value*c
(value*c (value®*u union:u)),
(value*c (value*u component:2)),
(default*c wnion:u))]
[start-timetu #c (value®c (start-time*u unfon:u})]
[durationtu #¢ (value®c (duration*u union:u))]
[beliafru #c (value*c (belief*u union:u))] 1]

The above example describes the multivariate relation between the components and their
summation for the concentration of electrolytes. This relation is divided inlo two parts; the first
part (associated with slot "union:u™) describes procedures for combining the attributes of the two
components (“component:1” and “component:2"). In particular, it states that the valua of the
joint-stale (union) is determined from the values of the two components and the default value of
the elecirolyte concentration using a lisp function “combine-electrolyte-value®”. It further states
that the belief in the joint-state is equal to the lesser of the beliefs in the components.” Similarty,
the “starl-time” of the joint-node is the earlier of the two start times and the duration of the
joint-stale is the longer of the two durations. A similar set of procedures for computing the
difference (component:1) between the joint-state and a given component state {component:2) is
described in the second part of the example shown above. This mapping relation can ba used for
computing the component summation/decompaosition of electrolyte concentrations in any one of
the different fluids in the body such as extra-cellular fluid, intracellulhr fuid, and wrine.

The component operations are activated when a node Is added to the PSM where another
node in the same class is already presenl. These eperations incorporate the new node into the
structure of the PSM and delete any structure in the PSM that is no longer valid due the the
addition of the new node. Thesa operations can be divided broadly into three cases based on the

18. This s consistent with our view that “the belicf in an explanation is equal 1o the bolief of its weakest
k™, This betiof compastation ia similar 1o thal usod in Glavcoma/CASNET program [WaiseT8] and in uzzy
sl theory [Zocdohis, Goines7a],
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properties of the node already present and the new node being added: (1) both the new and
pre-existing nodes are bolh unsupporled by observation; [2) the new node being added is
supported by observation and the pre-existing node is not; and (3} the new node is not suppored
by ocbservation and the pre-existing node is. A node is said to be supported by obsarvation if the
node is either an observed node or is a causal predecessor of an observed node which is fully
accounted for. The details of the three cases:

Case 1. Neither the new nor the pre-existing node is supported by
observation. In this case the joint effect of the two nodes i computed
and the two nodes are connected to the joint elfect using component
links. If the pre-existing node already has component structure, the new
node ks directly connected to the pre-existing joint effect and the
attributes of the joint effect are revised to be consistent with this
addition. Any of the successors of the two nodes which are consistent
with the joint effect are rerouted through the joint effect and those which
are not consistent are deleted and the elects of these deletions ara

propagaled.

Casa 2: The naw node baing added is supported by ohservation and tha
pre-existing node is not. In this case the joint effect of the resulting
structure [upon application of the component operation) must be same
ag the new node, If the pre-existing node and the new node are
consistent with one another then the pre-existing node is replaced with
thie new node and the operation iz complete. |f they are not, tha
difference between the observed and the unobserved is computed, and
a  node  coresponding  to the  difference  [called
unaccountaed-componant) is  instantiated, Mext the pre-existing
(accounted-componant) node and the unaccounted component to tha
new (joint-effect) node are connected using component links. Any of the
successors of the pre-existing node that are consistent with the
joint-effect are rerouted through it and thosa that are not consistent ara
deleted and the effects of these deletions are propagated.

Casze 3: The pre-existing node is supported by observation while the new
node being added is not. As in the case 2, the observed node is the
designated joint effect. This case is somewhal more complex, because
the pre-exisling node is observed and may have constiluents of any
possible form, Le., may ba fully accounted lar, partly accounted far, or
fully unaccounted for. In 2ach case the new node is added to the
pre-existing structure as a constituent as shown in the figure 28,

Figure 28 shows subcases of case 3 where the pre-existing node (bold square) is supported
by observation while the new node (crossed square) being added is not. The left side of the figure
shows the situation before the component summation and the right side shows possible situations
alter the component summation. Figure 28[a) shows the operalion for a fully unaccounted
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Fig. 28. Component summation/decomposition: Case 3
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Fig. 28. (continued)

(d) Partially Accounted Mode: Subcase 1

(a) Partially Accounted Mode: Subcasga 2
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pre-existing node. Figure 28(b) shows the operation for a fully accounted pre-existing node with
one cause. The firet structure on the right shows the situation whian the elfects of existing cause
and the the new node are slill consistent with the pre-existing node. In this situation the
components of each of the two causes are instanliated and connacted as shown in the figure.
The second structure shows the situation when the sum of the new node and the effect of the
existing cause is not consistent with the pre-existing node. In this situation the pre-existing node
i decomposed into an accountad and an unaccounted component. The accountad component
i5-dealt with-similar to-the-first structure and the unaccounted component is marked as baing
unaccounted. Figure 28(c) shows the operation for a fully accounted pre-existing node with
multiple causes. This case is handled similar to that In figure 28(b). Figure 28(d) and (=) show the
operation for partially accounted pre-existing node. If the new node matches the unaccounted
component of the pre-existing structure, the resulting structure is fully accounted for, if it does
not the accounted and unaccounted components of the pre-existing node are recomputed and
the new node is connectad to the accounled componants.

In this section we have developed a knowledge representation formalism and operations for
dealing with effects with multiple causes and feedback loops common in the physiclogical
regulation of the body's vital functions. The mechanism developed here is intended for symbaolic
description for reasoning with and explaining the abnormalities in physiological regulation in a
patient, not for predicting the behavior of physiological parameters over time using dynamic
sirnulation technigues.
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5. Diagnostic Problem Formulation and Information Gathering

The patient specific model (PSM) developed in chapter 4 was designed to provide the
program with the capability of expressing its understanding about the patient's illness. However,
due to the lack of complele knowledge about the patient and due to uncertainties in the medical
knowledge, this understanding may be imprecise and incomplete. Our task is to identify these
weaknesses and gather informatien that will help reduce or eliminate them. Viewed differently,
these weaknesses identify a set of problems, all of which need to be solved in the process of
diagnosis. The availability of a set of problems to work on simultaneously provides the problem
solver with an opportunity to be efficient by abstracting commaon aspects of problems and by
selecting an efficient order in which the problems are to be solved. This chapler examines
several issues: (1) the process of identifying these weaknesses and formulating a diagnostic
problem based on them, (2) the representation of this diagnostic problem and its decomposition
into-simpler problems, and {3) the evaluation of newly acquired Infarmation for apparent and real
discrepancies.

The general medical knowledge in the program contains disease prototypes. Howaver, given
the facts about a patient along with a possible explanation, this prototypical information can be
substantially constrained. For example, knowing that the patient has moderataly sewere
metabolic acidosis, we can constrain the diseases hypothesized to account for the metabolic
acidosis to be consistent with it, e.g., if salmonellosis is a hypothesized cause of this metabolic
acidosis, it must be moderately severe and must have a duration of greater than two days.
Secondly, only a small portion of the medical knowledge is relevant to any given diagnostic
situation. For example, knowing that the patient's anion gap Is nermal, all the causes of metabolic
acidosis that are not consistent with normal anion gap can be ruled out as being irrelevant 1o the
diagnosis." We therefore introduce the notion of a diagnastic closure (called DC) which
contains the medical knowledge local to the diagnostic stuation, extracted from the medical
data-base and made specific to the PSM. The DC is constructed by hypothetically projecting
forward the states of a PSM to identify the consequences predicled by the states of the PSM and
by projecting backwards the unaccounted for stales of the PSM 1o identify diseases that can
account for these states. MNote that within each PSM all the findings and diseases complement
each other in forming a single coherent explanation, while different PShds pravides alternate
explanations which are mutually exclusive. Further, each DC contains alternatives within the
context of the PSM associated with it. Thus, the diagnostic alternatives themselves ara divided
nto groups, each group being consistent with a partially completa explanation of the patient's
iliness, and the different groups represent alternatives consistent with markedly different possible
explanations.

19. A smilar distinction is also mado in PIP and Internist, whers any disease which is not currently active
can be contadered o bo irrclevant to the current disgnostic activily,
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We have argued that the ability to identify discrepancies in incoming information plays a
crucial role in the diagnostic process. For example, in studying the problem solving behavior of
clinicians, Kassirer and Gorry note:

"The physlclan appeared o use ... his concept of a disease (hypothesis), a
sfafe, or a complicalion as a model with which to evaluale new dafa from the
patienl. Such a model provides a basis for expectation: il identifies the relevant
cifmical features that should prove fruittul Tar further investigation. "

— Clinical Problem Solving [Kassirer78, page 250]

The ability to evaluate the implications of the incoming information is an important part of
clinical practice, where the accuracy or the completenass of information cannot be taken for
granted. We may be presented with a questionable finding which, if accepted, may require
reformulation of the currently held diagnosis with far-reaching implications. However, it may be
unwise lo act on any such information unless it can be substantially corroborated, and its validity
as a diagnostic sign checked out. For example, upon unexpectedly finding “substantial weight
increase” in a patlent it is wise o check if the two weights were taken on the same scale before
lumping to the conclusion that the patient is "retaining water”. Inability to do so0 poses a serious
problem for programs such as PIP. The problem arises because accepting such a finding may
strongly favor hypotheses which erroneously predict the finding and against those hypotheses
which correctly do not predict i, possibly causing the correct hypotheses to be dropped from
further consideration. Thus, the program may not be able to come back and ask a simple
question that could save it from taking a "garden path".

The diagnostic closure discussed above provides the program with an ability to evaluate the
consistency of a finding before it decides to accept it. For example, as new information is
gathered, if the profile of the new information is consistent with that present in a DC, we know that
this information i consistent with the PSM and lends positive support to the diagnosis under
consideration. By the same token, if some information i not consistent with a DC under
consideration, we know that this information can not be assimilated inta the PSM without somea
maodification. Finally, i the incoming infarmation is not consistent with any of the DCs then we
know that our entire line of reasoning is under question, and if the information is true, a major
re-analysis of the program’s understanding will have to be undertaken. Because such a situation
can be identified, the program has an opportunity to suspend the global diagnostic processing
and revert to local processing to validate the finding or to justify ignoring it.

The problem solvers in PIP and INTERNIST | alternate between gathering a fact (based on
their hypothesis lists) and re-evaluating the hypothesis lsts (based on the new fact). Each fact s
treated as an independent inquiry; the program does not group fncts in a clinically meaningful and
focused pursuit of diagnosis. This couscs tho infarmation aooguisition to become erratic and
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vulnerable to incomplete specification of information 22 Furthermore, the lack of commitment in
pursuing any given information gathering strategy (e.g., discriminate, confirm) to completion
diminishes their effectiveness. This problem can be solved by allowing the diagnostic problem
solver to plan a group of questions focused around a single diagnostic task. The diagnostic
closure already provides the dependencies necessary for such diagnostic planning. Diagnostic
planning generally begins with the global task of discriminating between the altamate
explanations provided by tha set of PSMs. This task is successively decomposed Into smaller
tasks using diagnostic strategies of confirm, differentiate, rule-out, group-and-differentiate and
explore. This results in a set of questions which, it answered, would help the program in solving
the problem at hand.

It is common amang physicians to “think ow! loud™ while discussing a medical case with their
colleague. For example, in analyzing protocols of medical diagnosis, Sussman notes:

“Thus, we have heard doctors react 1o new facts with such phrases as: "
expected thal.”, "It is) consistent with my assumptions.”, "I did nol expect that

."e "This new fact is making me very unhappy with my diagnosis.”. Amang the
mosl important reactions are ones of the form: "this does nof really it in. Parhaps
he has...."."

— Soma Aspects of Medical Diagnosis [Sussman73)

This thinking out loud plays an important role in communicalion between physicians, We
require the program-to-have not only a similar ability evaluate the incoming information in
comparizon with its expectation, but also the ability to think out lowe, which s essential in
allowing the user physician to get a feel for the program’s reasoning and undaerstanding. The
diagnostic closure allows the program to explain the spectrum of diagnostic alternatives
consistent with a PSM, and the planned goal oriented diagnostic questioning allows the program
to justify the motivatien of the diagnostic reasoner in asking the questions, its expectations about
the information being sought, and how this information refates to the hypotheses under
consideration,

5.1 Global Diagnostic Cycle

The diagnostic algorithm for the ABEL system is:

20. On the other hand, dé novo generation of the hypolhesis liat prevents the program from lalang “garden
patha".
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(1) Presenting Complaints: The serum analysis and the initial
complaints are analyzed. A small set of initial PSMs is created and
added to the list of causal hypotheses (the CH-list).

(2) Rank Ordering Hypotheses: All PSMs in the CH.list are scored for
the quality of explanation they provide for the patient's illness. The
leading one or two of these PSMs are selected as possible explanations.

(3) Compuling Diagnostic Closure: Diagnostic closures lor the
selectad PSMs are computed and disease hypotheses In each DC are
scored.

(4) Termination: if the diagnostic closures for all PSMs are null or If
some PSM provides a complete and coherent account for the patient's
Hliness then the current phase of diagnosis is complete,

(5) Diagnostic Information Gathering: Based on the number of DCs
(i.e., the PSMs selected in step 2), a top level confirm or differentiate
goal is formulated. Using diagnostic strategies, this goal is successively
decomposed into simpler subproblems until individual questions are
formulated.

(6) Re-structuring the PSM: If step 5 results in any new finding being
known, then that finding is incorporated into the each of the PSMs by
extending the structure of the PSMs to take the observed finding into
account. Finally, this process is repeated starting at step 2.

In the remaining sections of this chapter we will study the individual steps of this algorithm.
5.2 Diagnostic Closure of a Hypothesis

A diagnostic closure (DC) describes that part of the medical knowledge that is directly
relevant to the diagnostic exploration of a PSM. It contains, in addition 1o the PSM, causal
pathways from the unaccounted findings in the PSM to some of the possible dissases (ultimate
atiologies) that can account for them, and causal pathways from some of the stales in the PSM
and the hypothesized diseases to (predicted) observable findings. Slated differently, a DG
conlains alternative extensions needed to adequately complete the explanation provided by the
PSM. The DC associated with a PSM is initially created by hypothetically projecting the states of
the PSM. Curing the process of diagnostic planning, new DCs may be created by copying parts of
an existing DC.*' and by further projecting the diseases or findings under consideration,
Furthermaore, when some new information is received during the execution of a diagnostic plan,

1. For example, in order 1o differentiale bebweon alternative hypolheses comained in a DG the program
mfly Groote a sol of dejunctive DCa, ong e each allernalive
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the alternatives which are not consistent with the finding may be pruned from a DC. Figure 20
shows-an-example of a DC for a PSM with unaccounted metabiolic acidosis and partially
accounted hypokalemia. MNote that metabolic acidosis and hypokalemia both can be accounted
for by a single disease hypothesks: salmonellosis. However, if we assume that the unaccounted
component of hypokalemia is caused by vomiting, we must find some other cause for the
metabolic acidosis, e.g., acute renal failure or diabetes insipidus.

The diagnostic closure of a PSM provides us with the attributes of the hypothesized diseasas
and lindings that are consistent with the PSM. |t describes the program's diagnostic expectations
agamnst which the incoming information can be evaluated. Furthermaore, by fracing the causal
pathway from the hypothesized finding to the stales in the PSM, we can determine how this
finding relates to the PSM, and what intermediate assumptions are needed to assimilate this
finding into the PSM. On the other hand, if the new finding is not consistent with any of the DCs
under consideration then we know that this information is inconsistent with the program’s current
understanding. To accommodate a contradiction with the currently held hypothesis requires
some major revision in the structure of the PSM, This process is compultationally expensive and,

Fig. 29. An example of diagnostic closura
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if possible, should be avoided. As described above, ABEL has the ability to identify situations
requiring a major revision, and to ask further questions to validate or invalidate the contradiclory
linding. However, when a confradictory finding is validated, ABEL abandons its current line of
diagnostic inguiry and revises its PSMs. Clinical studies have shown that a physician when faced
with a similar situation also attempts to avoid revising his diagnostic hypotheses. He attempis to
disprove the offending plece ol information or reconcile it by finding a sufficient excuse for
ignoring it. On occasions, even after the validity of the contradictory finding is established, a
physictan may choose to ignore the finding until the current Fine of diagnostic questioning is
completed. ABEL however, abandons its current line of diagnastic inquiry and revises its PSMs if
a contradictory finding is validated. It does not have the ability to postpone consideration of any
contradictory finding.

5.3 Scoring the PSM

The score of a PSM measures the degree of incomplateness of the PSM as an explanation of
the patient’s iliness. It is computed by summing the severities of partially and fully unaccounted
states in the PSM. The scoring algarithm could be further improved by taking into consideration
the need of a finding Yo be accounted for by an acceptable diagnosis. Furthermare, the program
currently does not take into account the degree of explainability of a PSM. For example, a PSM
may have a large number of unaccounted findings that can be accounted for by a single etiology,
while another PSM may have only a few unaccounted findings but may require the invocation of
multiple eticlogies to account for them. Clearly, diagnoses with multiple etiologles are less
desirable and much less frequent than diagnosis with a single efiology. The degres of
explainability of a PSM is an iImportant measure and should eventually b2 taken into account while
scoring a PSM. 2 Although the current method for computation of the score I8 primitive and
should be extended using the additional factors discussed above, it appears to provide an
acceplable level of discrimination between PShs.

5.4 Scoring a Disease Hypothesis

Diseases are hypothesized to explain findings left unaccounted for by thae PSM: a new
disease is hypothesized only when it is capable of explaining some of the unaccounted lindings.
I this section we will consider a mechanism for scoring these hypotheses.

When a disease is hypothesized it may predict some consequences which may not fit well
with the PSM, giving rise to new unexplained states. These addibional unexplained consequences
reduce the desirability of the hypolhesis being considered. Furthermore, the hypothesized

22. It can be dong il wo compute the smallest number of chiologics that cover all unaccounded findings
{using the DC) in each PEM bofore scoring Ihem. This monsern, howeeer, has nod boen implomonted 2 it |s
computationaly probibatve in tha current snpdemendalion of o prooggam.
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disease may predicl some consequences which are as yet unobserved. These unohserved
hndings identify the additional information that can be used to confirm the disease hypothesis.
For example, figure 30(a) shows a PSM with metabolic alkalosis and normaokalemia, and vormiting
hypathesized to account for the metabolic alkalosis. Figure 30(b) shows the findings predicted by
the hypothesized vomiting. Figure 30(c) shows the consequences of adding the hypothesized
vomiting to the PSM. The vomiting hypothesized In figure 30(a) explains an unaccounted for
node, metabolic alkalosls, gives rise to a new unexplained node, hyperkalemia, and predicts an as
yet unobserved finding, dehydration.

The usefulness of a disease hypothesis depends (ultimately) on its potential of being
confirmed. This usefulness can be estimaled using the explained, unexplained and unobserved
findings associated with the hypothesis. Mote, however, that the disease scores are computed for
the purpose of ordering the diagnostic search, i.e., they provide a heuristic for parforming a best
first search. The score of a disease hypothesis does not reflect the baliet in the likelihood of the

Fig. 30. An example of explained, unexplained and unaccounied findings
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given disease being the correct diagnosis, but an estimate of its heuristic search utility. That is,
given the available information, pursuing that disease hypothesis will lead elficiently to the final
diagnosis. Although the two measures are similar and have often been confused with one
another, they can be substantially different as more and more sophisticated search and error
recovery technigues are used. In most of the previous programs this distinction was not mada;
thus even if a particular disease was a uselful hypaothesis, it could not be considered if most of its
findings were as yet unknown. Further, it prevented these programs from accepling a warking
hypothesis which, even while having a low probability of being right, could lead efficiently to the
right “ball-park”, which when reached would allow them to resort to more specific criteria to
explore the restricted space.

In ABEL Ihe disease hypotheses are ordered In two steps. First, they are grouped according
to the number of unaccounted findings that can be accounted for by each hypothesis. Second,
amaong those hypotheses that can account for the same number of findings, the diseases are
rank-ordered by a score computed from the three factors discussed above. They are: (1) match,
the number of causes and findings in the PSM that are consistent with the dissase hypotheses:23
(2) mismatch, the number of causes and findings in the PSM that are inconsistent with the dizeasa
hypotheses; and finally (3) unknown, the number of unobserved findings predicted by the
hypothesis which are not inconsistent with the PSM, A dissase hypothesis i eliminated from
immediate considaration (for one cycle of diagnostic inguiry) if the difference of match and
mismatch is below an arbitrary threshold. The match combined with the unknown corresponds to
the maximum possible score attainable by a given disease hypothesis. If this score goes balow a
threshold, the hypothesis can not be confirmed even Il all the remaining unknown findings are
rasolved in favor of the hypothesis.

The above criterion for scoring the disease hypotheses is purely structural. |t does not take
probabilities of occurrences of different diseases Into account. Incorporation of probabilities as a
secondary scoring criterion should substantially improve the quality of the scoring mechanism,
However, we believe that the criterion for evaluation of the heuristic value of the disease
hypothesis as well as belief in a diagnosis should be primarily structural. Probabilistic SCORNG can
be used effectively in differentiating between structurally similar hypothesas. However, primary
reliance on probabilistic scoring without struclural considerations (such as adequacy, coherence,
match and mismatch), as has been the case with the first generalion programs, is inadequate.
Some of these inadequacies have been discussed in chapter 1.

23 Mote that a finding that is Tully accountad for in the PSM can still ba consistent wilh he now hypothess
il the addition of the hypothosis does not cause the finding lo be over compensated, resulting in an
unaccounted compengnt,
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5.5 Information Gathering Stratagy

The process of diagnosis can be viewed as the process of discriminating betwesn diagnostic
alternatives. A stralegy commenly used to achieve this called the differentiation strategy. Using
the results of prolocol analysis, researchers [Pople7sa, Miller75, Elstein7a, Kassirer79] have
identified a larger class of diagnostic strategies which in addition to differentiate in clede confirm,
rule-out, explore, refine atc. Although these additional strategies can be considered to be special
cases of the differentiation strategy, in special situations they can provide substantial
improvemant in processing over differentiation.

The selection of an appropriate strategy is based primarily upon the syntactic structure of the
diagnostic problem.™ One measure commonly used is the number of alternate hypotheses under
consideralion and their relative strength. The confirmation strategy is wsed when only one
hypothesis is under consideration, or when ona hypothesis is much more likely than all others.
The rule-out strategy is the inverse of the confirm strateqy; it is usad to eliminate some hypothesis
which is substantially less likely than all the others. Its major utility is in allowing final confirmation
of some hypothesls, such as essential hypertension, by eliminating all other less likaly alternatives
or cutting a large group down to where differentiate strategy can be used. The differentiation
strategy ks used to discriminate between two (or three) hypotheses with similar belief factors. The
above strategies are all used in the Inlernist-1 program.

The remaining strategies, such as group-and-differentiate and refine. reformulate the
diagnostic problem. The group-and-differentiate strategy is used when we have a large number
of allernate hypotheses with similar belief factors. Here we need to discard a large number of
hypotheses rapidly in order to focus our attention on a small number of alternatives. This can be
achieved by partitioning the alternatives into a small number of groups according to some
common characlerization (e.q., common organ system involvement, etiology, temporal
characteristic or pathophysiology) and then applying a differentiation strategy 10 rule in or rule
out one of the groups, thus narrowing the hypothesis set substantially. The refinement strategy is
used to refine a hypothesis about a general class of diseases into more specific hypotheses.
Refinement resulls in a disjunctive set of hypotheses. Hence, refinement and, as we have sean
group-and-differentiate are commaonly fallowed by differentiation., Finally, the explore strategy is
used when the patient description does not provide any well-delined diagnostic problem 1o solve.
In such a siluation we explore the findings systematically (e.g. review of systems) to uncover
sufficient evidence to formulate a specific diagnestic problem.25

24, In certain situations though, the general synlactic mechanism rmay be overred by more important
consderations, For examgle, il one of the altermatives has life-threalening consequences, wE may [irsl want
b et & definitive ruling on it rather than diflerontialing among all the possibilities.

25. An example of this is the review of systems, a detailed exploration of evory part of the body in search of
abnormalities,
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Fig. 31. Initial diagnostic closure for salmonellosis and acute renal failure
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The use of these strategies in the first generation programs has been limited to a single
application to identify the most useful finding. In this document we advocate viewing these
strategies as decomposition operators that reformulate the diagnostic problem into a group of
simpler problems. With this formulation we can repeatedly apply the diagnostic strategies to the
top level diagnostic problem, successively decomposing it, until we reach subproblams that can
be solved directly by asking single questions.

Cansider the following simple example. Assume that we have a patient with moderately
severs metabaolic acidosis and are consldering two possible causes of this metabolic acidosis,
namely salmonellosis and acule renal failure.® The diagnostic closure consistent with this
sitluation is shown In figure 31. We pursue this diagnostic closure by setting up a diagnostic
problem as shown balow.

Goal 1: differentiate Salmonellosis acute-renal-failure

salmonel losis

baliaf: 1ikely

saverity: moderate

duration: greater-than ? days
acute-renal-failure

belief: possible

severity: modarate

duration: greater-than 1 wesk

To differentiate between salmonellosis and acute renal failure the program sets up a diagnostic
closure for each of the possibilities (shown in figure 32). The first DC i constructad with tha
assumplion that salmonellosis is the frue cause of the observed metabolic acidosis, and the
second with the assumption that acute renal fallure is the true cause. The program then explores
the consequences of its assumption in each case by projecting the dissasa hypotheses forward

6. We are uming an unrealkstically ssmpde example for the purpose o illusisastion. For this exnmphe wa have
assumei that Ihe pationt has recoived fair quantity of i fuid. Furthermans, wo asswme (had tho electrolyte
corcentrabionss i wine are ool ivailddo; the dillescobizdion is il i v urieen edecholyles ino avoilable,
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Fig. 32. Diagnoslic closure separated for each possibility
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{shown in figure 33) and compares the two projections. From the projections it cbserves that
salmonellosis and the acute renal failure predict different states of hydration for the patient.
Based on this observation it formulates the next diagnostic problem shown below.

Goal 2: differentiate dehydration edema

dehydration
caused-by: salmonellosis
beliaf: Tikely
severity: moderate

adema
caused-by: acote-renal=Tailure
beliaf: possible
saverity: moderate

Let us assume that the state of hydration cannot be direclly ascartained by inquiry and the
program decides to decompose this goal into two subgoals, one each for confirming dehydration
and edema.

Goal 3: confirm dahydration
dahydration
caused-by: salmonellosis
beliaf: likely
severity: modarate

Goal 4: confirm edema
edema
caused-by: acute-renal-failure
baliaef: possible
severity: moderate

As dehydration is the more likely of the two {resulting from cur initinl assumption that
salmoneflasis is more likely than acute renal failure), the program chooses to pursue dehydration
first. Since we have assumed that the state of hydration is unknown, the progrom must altempt 1o
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Fig. 33. Diagnostic closures for each possibility projected forward
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confirm it by gathering information like increased serum creatinine, hypotension, and poor tissua
turgor. However, while formulating the goal for confirming serum creatinine, the program nolices
(using the second DC, figure 33) that the increased serum creatinine is also predicted by acute
renal failure.  The program incorporates this infarmation in It goal structure. The subgoals
farmulated by the program in this situation are shown next.
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Fig. 34. The goal tres

(differentiate diarrhea acule-renal-failure)

(differentiate dehydration edema)

[confirm dehydration) {confirm edema)

{confirm serum-creatinine) (confirm mean-arterial-blood-pressura)

Goal &6: confirm serum=-creatinine

garum-creatinine

cavsad=-by: dehydration

belief: Tikaly

valua: between 2 and 4
serum-craatinine

cauwsed-by: acute-renal-failure

beliaf: possible

valug: batween 3 and 7

Goal 8: confirm mean-arterial-blood-pressure
mean-arterial-blood-pressure
caused-by: dehydration
belief: Tikely
value: low
maan-arterial-blood-pressure
causad-by: acute-renal-failure
belief: possible
valua: high

The goal structure of the program when inguiring about the serum creatinine is shown in figure 34
{the bald lines indicate the flow of control). The goal structure encodes the program's rationale
for asking the question: it explicitly encodes the program’s reason for asking the question and the
conlext in which the question is being asked. Therefore, if the user chooses to ask for an
explanation at this point it is possible for the program to provide the following types of
explanations. (The explanation provided here s a paraphrasing, in beter English, of the
program's aclual explanation, which is produced by a wvery simple English generator
[Swartout80].)
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Explain: | am expecting the patient to have mild elevation in serum
creatinine. Increase in sarum creafinine may be caused by dehydration,
which may be caused by salmonellosis. The salmonellosis may account
for the observed metabolic acidosis. It is also the leading cause of
metabolic acidosis under consideration. Increasse in serum creatinine
may &lso be caused by acute renal failure, which may cause metabolic
acidosis.

Justify: | am exploring the cause of metabolic acidosis. | am
differentiating between the two leading causes of metabolic acidosis,
namely salmonallosis and acute renal failure. | am differentiating
between dehydration and edema. The dehydration may be caused by
salmonellosis and the edema by acute renal failure. | am pursuing

dehydration. | am pursuing serum creatinine, [Increase in serum
creatining may be caused by dehydration. Increass in serum creatining
may be cavsed by acule renal failure,

Viewing the individual diagnostic strategies as problem decomposition operators allows the
program to set up the diagnostic goal structure described abowve. This goal structure not only
allows the program to explain and justify its diagnostic behavior, but also provides a framework
for evalualing the user response locally in the context of the expectations. It allows the program
to react locally when a discrepancy is detected or when further exploration of the finding is
needed, gracefully integrating the program’s global disease-centered processing with the local
symplom-centered processing. 2’

Each top level diagnostic inguiry, described above, is followed by incorporation of all the
information gathered into the existing PSMs (using the structure bullding operators described in
chapter 4), and the formulation of a new diagnostic problem. This process is repeated until an
adequate diagnosis of the patient’s illness is achieved or until all the information relevant 1o the
diagnoss is axhausted.

Summarlzing, in this chapter we have introduced the notion of a diagnostic closure, which
contains the hypothesized diseases, indings and causal relations relevant to the diagnostic task
al hand. A diagnostic closure is created by projecting appropriate states in the PSM or
hypothesized dissases forward to identify their predicted consequences and backwards to
identify their possible causes. Once we have this knowledge for each diagnostic possibility, we
hawve the dependencies necessary o do diagnostic planning.

2F. 'I'.I'e have just begun to exploit all the capabdlities alforded by this mechanism.  Alibough the Current
profgram does not make sophisbeated use of these capobilitios, we bolicve that extending the program o do
80 i5 possibée given the curront wndersianding of the process.
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Diagnoslic problems are generated by identifying the places were two or more hypotheses
differ from-one another in the imerpretation of the findings. The set of problems identilied is used
in formulating a top level diagnostic goal for one cycle of diagnostic problem solving. The
problem solver then generates a tree structured plan by successively decomposing this goal
using -strategies such as differentiate, confirm, group-and-differentiate, and ruleout.  The
diagnostic plan, In conjunction with the diagnostic closure, provides the context in which a
guestion is asked, the program's reason for asking the question and its expectations about the
possible responses lo-the question.  This knowledge i used to guide the diagnostic inquiry as
well as to provide explanation for the program's behavior,

Each cycle of diagnostic problem solving is viewed as an inlegral operation. During this
cycle, the problem solver focuses on one top level diagnostic problem and atlempts to solve it,
This provides a fecus for the interaction between the user physician and the program.

Finally, the information gathering process of each diagnostic cycle is followed by the revision
of the structure of each PSM, making it consistent with the newly available information. Thus, at
the end of each cycle ol diagnastic inquiry, the PSMs are internally consistent, allowing the
program to relinquish control to the superior management program (not implemented, see
chapter 1) which could review the progress of diagnosis and possible therapies to decide
batween further diagnosis and immediate therapeutic intervention.
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6. Examples Revisited

In this chapter we will consider in detail the two examples described in chapter 2. We will
axamine how tha program accomplishes the tasks involved in these examples. Recall that tha
firgt example discusses a 40 year old 70 Kg male patienl who has been suffering from moderately
savere salmonellosis, and as a result, has developed moderately severe metabolic acidosis and
hypokalemia. Recall also that the laboratory analysis of the patient's blood sample is:

Fig. 1".!-5. Serum electrolytes and the bar diagram

o
Tima: 0
Sex: male Na *?Em
Na: 142 mag/l o
K: 3 mag/l i
Cl: 115 -ﬂq.lf-l 15
HCOD3: 16 meqsl m
PCOZ: 30 mmkg 3

The program creates a top level PSD (the root node of the PSD tree) and instantiates the
alectrolytes in it. This PSD also corresponds to a PSM as it is the only PSD in the PSD tree. Meod,
the program generates possible acid-base disturbances that can account for the laboratory data,
The acid-base analysis is based on the regression equalions for the 85 par cent confidenca
intervals for acid-base digturbances [Schwartz65, CohenB6). The nomogram of acid-base
disturbances, the patient’s acid-base stale and the possible acid-base disturbances are shown in
figure 36. The list of these disturbances is rank-ordered and pruned. The rank-ordering Is
performed in two stages: first, by the complexity of the disturbance, and secend, among the
disturbances with same complexity by their severities. For example, the complexity of the second
achd-base disturbance is 2 {the number of components in the disturbance) and its severily is
0.75 = (0882 + 032905, The rank-ordered list is pruned to remove all the disturbances with more
than two components from consideration during the initial formulation.® The rank-ordered list of
the lkely disturbances is:

28. Tripke disturbances, although possible, are rare and should be considered only when sufficient
evidence demands consderalion of triple disturbance, generally after one of the components has baen
confirmed and the acid base profile afer compensating lor the known disturbance Sill requires of least beo
huriher disturbances for propos accounting. Quadruple disturbances are almost never consalered in clinical
pracice.
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Fig. 36. Graphical descriplion of acid-base disturbances
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===- Patient Acid-Base Profilg --=--

ometabolie-acidosis [sev: 0.4] very likely
2. chronic-respiratory-alkalosis [sev: 0.68)
* acute-reaspiratory-acidosis [sev: 0.32] unlikely

The two possible acid-base disturbances provide competing explanations of the serum
electrolyte values. The program creates two inferior PSDs under the roat PSD. It instantiabes, at
the clinical level, the nodes corresponding to metabolic-acidosis in the first, and chronic
respiratory alkalosis and acute respiratory acidosis in the second {shown in figures 37 and 38).
Mexl, it focally elaborates these nodes to the physiclogical level (the level at which the instances
of electrolyte data are present). For example, in the first PSM the program focally elaborates the
metabolic acidosis through the intermediate levels until it reaches the pathophysiclogical level
and identifies the amount of HGEJE loss correspanding to the severity of the metabalic acidosis.
Based on this information and the laboratory data, ABEL instantiates the teedback loop
corresponding to the acid-base homeostatic mechanism. Mext, It projects backward each node
whose cause can be uniguely determined and projects forward the definite consequences of
each node in the PSM.®® We now have the pathophysiclagical level explanation of the electrolye
abnormalities for each of the two likely acid-base disturbances (shown in figures 37 and 38).

After the pathophysiological description is completed, it is aggregated, one level at a time, to
the: clinical level of detall. To illustrate this process st us consider the aggregation of the low-
serum-K-1 noda in PSM 1. Focally aggregating this node, we instantiate hypokalemia-1 as shown
in figure 39, Mext, we observe that one of the predecessor paths of low-serum-K-1 has an
aggregable node on it, namely low-pH-1.%" We focally aggregate this node to-instantiate one of
the causes of hypokalemia-1 (acidemia-1) at the next higher lavel. MNole that the other
predecessor path from low-serum-K-1 does nol have an aggragable node, therelore the
companent of low-serum-K-1 caused by this path must remain unaccounted for at the next higher
level. Next, we compute the component of low-serum-K-1 that ean be accounted for by low-pH-1
and the component thal remains unaccounted because of the unaccounted ECF-K-losg-2. Then
we computa the mapping of these two components at the next level of aggregation and instantiate
normokalemia-1 ({the component accounted for by low-pH-1) and hypokalemia-2 (due to
unaccounted ECF-K-loss-2), We then causally connect the normokalemia-1 to acidemia-1 and
mark the hypokalemia-2 as unaccounted. The structure added by the operations described
above is shown in bold in figure 30,

#3. Mol hora that since we are at the pathophysiological level, each link bsing projecied is primitive. Thus,
projeching back a node at this level is equivalent Lo instantiating the cause and the link connecling tha cause
and the effect noda,

30. A node is aggregable it in tho medical knowledge-base it is the focus of e elaboration structure of
some: fodo al tho nest highor leved which can be instantiatocd within the DSM, Othorwise, e node is not
arpyregahle,
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Fig. 37. Hypothesis 1
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Fig. 38. Hypothesis 2
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Fig. 39. aggregalion of low-sarum-K-1
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Fig. 41. PSM for hypothesis 1
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Fig. 42. PSM for hypothesis 2
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Next, let us consider the causal aggregation of low-pH-1 shown in figure 40. As each of the
paths leading back from low-pH-1 has an aggregable node (low-pC02-1 and low-HCO3-1),%" the
tocal aggregation of low-pH-1 (acidemia-1) is a fully accounted node. The causal aggregation Is
achieved by focally aggregating the low-pCO2-1 and low-HCOG-1 into hypocapnia-1 and
hypobicarbonatemia-1  respectively, and by causally connecting hypocapnia-1  and
nypobicarbonatemia- 1 to acidemia-1. This process is repeated for each aggregable node at the
current [pathophysiological) level and then the whole process is repeated at the next lavel until
we reach the clinical level of aggregation. The resulting structures for the two acid-basa
hypotheses (encoded by the two PSMs) are shown in figures 41 and 42.

As discussed in chapter 2, a comparison of the clinical lavel explanations shows that the two
PSMs share the structure Involving hypokalemia and acidemia. They differ in their accounting for
acidemia. Mote that the acid-base feedback cycles present at the pathophysiological and
imtermediate levels have been abstracted away by the aggregation process and the two clinkcal
level descriptions are fairly simple. A comparison of the intermediate level descriptions shows
that they differ principally in the way the acid-base feedback cycle is perturbed. In the first case,
the change in acid-base state is a consequence of addition of H* to the body which causes
hypobicarbonatemia, whereas in the second it enters as primary disturbance in ventilation which
alters the CO., tension. The pathophysiological level differences between the two cases can be
identified similarly by comparing the two pathophysiological level descriptions. Finally, note that
the first PSM has two unaccounted findings while the second PSM has three unaccounted
findinga.

Fig. 43. Diagnostic closure 1
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31. Thesearch lerminates when Ihe program finds the first aggeonabie node on each path,
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Fig. 44, Diagnoslic closure 2

In the context of this initial analysis the program starts its diagnostic exploration. It COmpuies
the diagnostic closures for the two hypotheses (DC-1 and DC-2 shown in ligures 43 and 44), and
formulates the top level goal of pursuing DC-1. One complete cycle of diagnostic inquiry is shown
in figure 45,

As a first step towards exploring DC-1, the program groups the disease hypotheses
according to the number of unexplained findings each disease hypothesis can explain. For
exampie, the salmoneliosis hypothesized to account for moderately severe metabolic acidosis
can also account for the hypokalemia. Therefore, the hypothesized salmonellosis can account
for all the unaccounted findings In PSM-1. However, if the patbent had very severe metabolic
acidosis and mild hypokalemia, the saimoneliosis hypothesized to account for metabalic acidosis
would not have been consistent with hypokalemia. In such a case we would have had to
hypothesize two separale instances of salmanellosis, sach accounting for only ona of the two
unaccounted findings. —Subsequently, each of the two inslarces of salmonellosis would have
been grouped with disease hypotheses accounting for only ene unaceounted finding.
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Fig. 45. One complete cycle of diagnostic inquiry

Differentiating between the causes of (a)
the leading complete hypothesis.

1 SALMONELLOSIS

2 -URETEROS IGMO IDOS TOMY
3 VILLOUS - ADENOMA
DISTAL-RTA
FROXIMAL-RTA
ACUTE-RENAL-FAILURE
CHRONIC-RENAL-FATLURE
continue? ==> y

= 3 O g

Does the patiant have any of the following? (b)
1 SALMONELLOSIS
2 URETERQSIGMOIDOSTOMY
3 VILLOUS=ADENOMA

Prasent: ==)» nona Absant: ==¥ nona Unknown: 1 2 3

I would Tike to ask about the effects of SALMONELLOSIS,

Does the patient have one of the following? (e)
1 DEHYDRAT ION
2 EDEMA

Present: == none Absent: ==> none Unknown: 1 2

Is the value of SERUM-CREATININE known? ==3 yas {d)

Please enter the attributes of SERUM-CREATININE
What is the VALUE of SERUM-CREATININE 7 == 3
What is the START=TIME af SERUM-CREATININE 7 ==> 0

Is the value of MEAN-ARTERIAL-BLOOD-PRESSURE known? ==3 yes (e}

Please enter the attributes of MEAN-ARTERTAL-BLOOD-PRESSURE
What is the value of MEAN-ARTERIAL-BLOOD-PRESSURE 7 ==7% 76
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Mext, the diseases in the same group are rank-ordered based on their scores computed ram
the three factors. match, mismateh and unknown [described in section 54). Those hypotheses
which have higher mismatch than match are not considered. For example, consider the scoring
of the vomiting hypothesized to account for unaccounted hypokalemia, The vomiting so
hypothesized matches the hypokalemia. Howsver, he hypothesized vomiting predicts metabaolic-
alkalosis which is inconsistent with the observed metabolic acidosis. Furthermore, if vomiting
were really observed In the patient, the additional amaount of HCO4 loss necessary to cause the
observed state would require a very severe causs of metabolic acidosis to be present. Therefore,

vomiting has a substantially highar mismatch lactor as compared to the malch and it is rejected.
The program deletes the hypotheses that have been rejected and rank-ordars the remaining as
shown in figure 45(a).

Hased cn the categorization ol the disease hypotheses, ABEL decomposes the diagnostic
problem into two groups by constructing two separate diagnostic-closures (DC-3 and DC-4).
DC-3 (shown in figure 46) containg disease hypotheses 1 to 3, and DC-4 containe diseage
hypotheses 4 to 7. It projects forward the disease hypotheses in each of the two diagnostic
closures to identify their uncbserved findings. Next, it sets up a goal o differentiate betwean tha
three hypotheses in DC-3. As the first step towards this differentiation, the program asks if the
user is already aware of any of the possible alternatives as shown in figure 45(b),

When none of the three hypotheses can be directly confirmed, the program pursues the task
of diferantiating batween the three further. It sets up an individual diagnostic closure for each of

Fig. 46, Diagnostic closura 3

T
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Fig. 47. Diagnostic closure 4
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Fig. 48. Diagnostic closura 5

8 high-crantinine

the three alternatives (DC-5, DC-6, and DC-7) and selects the next item (dehydration) for inquiry.
Mote that salmonellosis, ureterosigmoidostomy and willous-adenoma all cause dehydration.
However, the program also notices that some of the diseases in DC-4 {e.g., chronic-renal-failure)
may have the exact opposite sffect of causing edema. Therefore, while exploring dehydration

32, These three hypotheses could be differentioted very easly on the basis of history and clinical evidence.
Frr (b singliciy ol the examgle, wo issume ol this nformation is not availibde o he program.
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(state of extracellular fluid volume) the program includes edema in the question (shown in figure
45(c)). The program is expecting dehydration. Therefore, when it fails to confirm or deny the
dehydration it pursues the linding further (figure 45 (d) and (g)).

The program has now completed one full cycle of its diagnostic inquiry. It incorporates the
information gained during this cycle in both the PSMs. Note that the program has already
pathered sufficient information to confirm salmonellosis. It is unable 1o do so because we have
not implemented the criteria for confirming a disease yet.3® Therefore, the program starts the
new cycle of diagnostic planning in which it attempis to rule out all other possible causes of the
acid-base disturbance. Finally, when it has exhausted all the findings relevant to the diagnosis of
this case, it concludes that salmoneliosis is the leading candidale and asks if the user would like
to assume salmonellosis (shown in figure 49).

The program adds salmonellosis to the patient models and re-evaluates the wo hypotheses.
The process of assimilating salmoneliosis into the PSMs is described next. Let us first consider
the operation of causally connecting salmonellosis with metabolic-acidosis in PSM-1. As the
observed salmonellosis is consistent with the metabolic acidosis, a causal link from salmoneliosis
to metabolic acidosis is established at the clinical level. The elaboration operator is used o
establish this relation at the more detailed levels (the resulting structure is shown in figure 50).

Fig. 48. After all findings have been exhausted

ATl possible etiologies that could explain the patient’s
illness are unknown. In order to proceed we must at least
hypothetically assume one of them, Possible etiologies that could
gxplain the patient's illness listed in decreasing order ara:

1 SALMONELLOSIS

2 VILLOUS-ADENOMA
3 URETEROS IGMOIDOSTOMY

iRl I Iy ——

R e T E T E R —————

B DISTAL-RTA
6 PROXIMAL =RTA

Would you Tike to assume SALMONELLOSIS 7 ==} yas

Assuming MODERATE ACUTE SALMONELLOSIS.

33. A simple critence for Gonfirming a disease samilar 1o [hal in FP or MYCIN can easily he added ta the
program.  However, wi have choson nol o do 50 bacause of wo feasons: first, becausa the choice of
threshold for confinming a disease is arbitrary and therefore, wery dilficult to explain, and socond, in the
eteciralyte and aced-base progrom wie envisson 1his 1o be tho task ol he global docision-measking module.
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Fig. 50. Hypothesis 1 with salmonellosis
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Hypothesis 2 with salmonellosis

Fig. 51.
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The elaboration process begins with the focal elaboration of salmonellosis to the intermediate
level.  The focus nodes of the source and the destination of the link being elaborated
(saimonellosis —causes—> metabolic-acidosis) are now prasent at the next level. Next, ABEL
attempts to match the causal path associated with the link at the next level of detall, namely
salmonellosis —causes—> lower-Gi-loss —causes—> metabolic-acidosis.  As this path does not
exist at the intermediate level, ABEL must establish this path and then procead to elaborate each
link in it Let us first consider the link salmonellogis-1 —camses—> lower-Gi-loss-1,  As
salmonellosis s a primitive node at this level (it does nol have a focal node at the next lower level),
the link betwean salmonellosis and lower-Gi-loss is a primitive link and cannot be elaborated any
further. The next link, lower-Gi-logs-1 —causes—>» metabolic-acidosis-1 however, can be
elaborated further. This is done by first focally elaborating lower-Gi-loss-1 at the intermediate
level to the pathophysiological level, and second by connecting, at the pathophysiological level,
lower-Gi-loss-1 to HCO3-loss-1. As the remaining links in the cawsal path at this level are already
presenl, this completes the process of elaboration. Maxt, the newly created structure is causally
aggragaled to propagate the consequences of the lower level additions back up to the clinical
level, The results of assimilating salmonellosis into the two PSMs are shown in figures 50 and 51.

A comparison of PSM-1 and PSM-2 shows that PSM-1 contains only one acid-basa
disturbance, while PSM-2 contains three acid-base disturbances. All the findings in PSM-1 have
been accounted for, while PSM-2 has three nodes that still need to be accounted for. Therefore,
based on the assumption that the patient is suffering from moderately severe salmonellosis, ABEL
concludes that PSM-1 provides an adequate explanation of the patient's liness. The computer
generated English descriptions of the clinical levels of the two PSMs are shown in figure 52.

The second example deals with a patient suffering from moderately severe vomiting and
salmonellosis. Recall that the electrolyte and acid-base disturbance in vomiting results from an
excessive loss of upper gastrointestinal fluid, whereas in salmonellosis it results from an
excassive loas of lower gastrointestinal lluid. The upper Gi fluid is acidic while the lower Gi fluld is
alkaling, therefore the two tend to have offsetting effects on the acid-base balance, Howsaver,
vomiting and salmonellosis both cause hypokalemia and volume depletion, therefore they
compound the effects of each other.

In this example, we will consider the presentations of vomiting and salmonellasis such that
they exactly offset the acid-base effects of each other, lzaving the patient with no net change in
pH. We will demonstrate the program's capahilities in dealing with multiple etiologies and in
reformulating its patient description when new information is provided., We will illustrate this by
describing the program’s understanding of the case at three points during the diagnostic process:
(1) just after the initial presentation of electralytes, (2) after the program has identified the first of
the two diseases, namely vomiting, and {3) at the end of the diagnostic process.
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Fig. 52. English description of the two hypothases
The Successful Explanation

This is a 40 year old 70.0 kg male patient with moderate
salmonellosis. His elactrolytes are:

Na: 142.0 HCO3: 15.0 Anion Gap: 13.0
K: 3.0 pCO2: 30.0
Cl: 115.0 pH+—7.32 Creatinine: 3.0

The salmonellosis causes modarate metabolic acidosis and
moderate dehydration. The dehydration causes moderate
hypotension and moderately high creatinine disturbance. Tha
metabolic acidosis causes mild acidemia. The salmonellosis and
acidemia cause mild hypokalemia. A1l findings have been
accounted for.

The Alternate Explanation

This is a 40 year old 70.0 kg male patient with salmonellosis.
His electrolytes are:

Ma: 142.0 HCO3d: 16.0 Anion Gap: 13.0
K: 3.0 pCOZ: 30.0
Cl: 116.0 pH: 7.32

The salmonellosis causes moderate metabolic acidosis and moderata

dehydration. The dehydration causes moderate hypotansion

and moderately high creatinine disturbance. Moderate acute
respiratory acidosis, moderate chronic respiratory alkalosis and
matabolic acidosis partly compensate the suspected mild

alkalemia leading to the observed mild acidemia. The salmonallosis

and acidemia cause mild hypokalemia, The chronic respiratory
alkalesis and acute respiratory acidosis remain te be accountad
for. The alkalemia has only been partially accounted for.

H2

The program's initial evaluation of the patient's electrolytes is as follows:

==== Patient Acid-Base Profile ----
1. normal-acid-base-state

This is a 40 year old 70 Kg male patient with moderate
hypokalemia., His electrolytes are:

Ha: 143.0 HCO3: 25.0 Anion Gap: 12.0
K: 2.0 PCOZ: 39,0
Cl: 108.0 pH: 7,42

The hypokalemia remains to be accounted for.



Exampiles Ravisited 113

The initial PSM {PSM-1) created by the program is shown in figure 53. Note that the clinical
leved of the PSM contains only one abnormal finding, hypokalemia. Figure 54 shows the revisad
PSM after vomiling has been introduced. A detailed description of this process of revision is
considered next,

Based on the infermation in the diagnostic closure the program concludes that the vomiting
present cannot account fully for the hypokalemia, However, as the vomiting can partially account
far the hypokalemia (leaving a smaller amount unaccounted for), the program decides o project
lorward, to identify the quantity of hypokalemia accounied for by it. The projection process
baging with the focal elaboration of vomiting-1 from the clinical level to the intermediate level,
Nexl, the program malches the causal path associated with the link, i.e., vomiting —causes—)
upperGl-loss —causes—> hypokalemia. Az this path iz nol nconsistant with the PSM, the
program recurs on each link in the path. The first link, vomiting —causes—3» upper-Gl-loss, is a
primitive link. Therefore, the program instantiatas the upper-Gl-loss (upper-Gl-loss- 1) and the link
connacting it upwards to vomiting-1. The second link, upper-Gl-loss —causes—> hypokalamia, is
a compound link, The path associated with this link at the next level is upper-Gl-loss —causog—>
ECF-K-loss —causes—) low-total-ect-K —causes—> low-serum-K.  Malching this path with the
description in the PSM, the program finds that all but one link, upper-Gl-loss —causes—3 ECF-K-
loss, is already present. Since this link is primitive. the program revises the componant structura
of ECF-K-loss- 1 and instantiates the link between ECF-I-loss-4 and vpper-Gl-loss-1. Note that as
soon as this link is instantiated the path at the pathophysiclogical level is complete. The program
aggregates back the effects of the projection process to reflect the additions at the lower levals at
the upper-levels.

An important side-effect occurs when the program is reasoning (at the pathophysiological
baval) about the quantity of ECF-K-loss associated with the upper-Gl-loss. As the ECF-K-loss is
dependent on the quantity of upper gastrointestinal fluid loss, this loss must be accompanied by
the loss of corresponding amounis of the other electrolytes present in the upper-Gl-fluid, notably
the loss of H* ™ This fact is incorporated into the PSM, causing the program to revise its acid-
basa hypothesis. This hypothesis now contains two components: an alkalemia (metabolic-
alkalosis) caused by vomiting, and an acidemia (unaccounted) which cancels the sffects of
alkalemia leaving the patient in a normal acid-base state as shown in figure 54, Thus, the PSM
after vomiting contalns two unaccounted nodes: the vnaccounted componant of hypokalemia
[less severe than before vomiting was introduced), and acidemia which must be present to offsat
the metabolic-alkalosis caused by vomiting.

3. The loss of H* from the extracellular fluid con be viewed as gain in HE.‘-'D:-]. because as the H¥ s

removid from tha carbonet acid — bicarbonate bulfer an equivalent amount of rhﬂﬂé iz released inlo tha
fluid.
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Fig. 53. Initial PSM
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Fig. 54, Revised PSM after vomiting Is entered
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Fig. 55. Final PSM after salmonellosis is introduced
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Fig. 56. English text of the final explanation

Clinical Lavel
This is a 40 year old 70.0 kg male patient with moderate
vomiting and moderate salmonellosis. His alectrolytes are:

Ha: 143.0 HCO3: 26.0 Anign Gap: 12.0
K: 2.0 pCO2: 39.0 i
C1: 108.0 pH: 7.42 Creatinine: 3.0

T

The wvomiting causes moderate metabolic alkalosis. The salmonellosis

and ‘vomiting cause moderate dehydration, which causes hypotension,

The dehydration also causes moderately high creatinine disturbanca.
The salmonellosis causes moderate metabolic acidosis. The metabolic
acidosis and metabolic alkalosis cause normal ph, The salmonellosis.
and vomiting cause moderate acute hypokalemia. A1l findings have
been accounted for,

Intermediate Level
This is a 40 year old 70.0 kg male patient. His electrolytes
are: ....

The patient has moderate vomiting and moderate salmonellosis.
The vomiting cawses moderate upper gi loss, which causes moderate
metabolic alkalosis. The salmonellosis causes moderate lower gi loss.
The Tower gi loss and upper gi Yoss cause modarate dehydration,
which causes hypotension. The dehydration also causes moderate
high creatinine disturbance. The lower gi loss causes modarate
metabolic acidosis. The metabolic acidosis and metabolic alkalosis
cause normobicarbonatemia, The normobicarbonatemia and normocapnia
cause normal ph. The lower gi Toss and wpper gi loss cause moderate
hypokalemia. A1l findings have been accounted for.

Mote that the two unaccounted components of the PSM are the same as those present in
PSM-1 of the first example. We have been successiul in separating the effects of vomiting from
the remaining disturbance (salmonellosis). As might be expected, from here on the diagnosis of
this case is similar to that of the first example. The final diagnosis after salmonellosis has been
added to the PSM is shown in figure 55. Figure 58 shows the program's English explanation of

the final diagnosis at two different levels of detail.
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7. Conclusion
7.1 Summary

Each new scientific endeavor is built on grevious endeavors, consolidating their successes
and legarning from their shortcomings. This is no exception; we have drawn heavily from first
generation AIM programs. This thesis has benefited from the studies of clinical skills of
physicians, by introspection and by observing each other, development ol models of diagnostic
processes and their implementation using computers by Schwartz, Pauker, Gorry, Kassirer,
Szolovits and others. Implementation of the Present liness Program and analysis of its
performance was an important first etep for the research presented here. Exporience with PIP
and the other first genaration AIM programs exposed the need for substantially more detailed and
calegorical reasoning in diagnostic programs and provided an ideal environment In which to
explore the issues addressed in this thesis.

The research presented in this thesis was also influenced by the discussions of difficult
diagnostic cases at the informal Electrolyte and Acid-Base rounds at the Tufis New England
Medical Center Hospital. The most striking aspect of these discussions was the frequent use, by
the clinicians, of the pathophysiological knowledge in evaluation and justification of diagnostic
hypotheses, and the ease with which they were able to combine knowledge of global diagnostic
associalions such as “disease X is a commaon complication in a patient with a history of ¥ with
intricate physialegical deductions such as “Na* and K ¥ axchange in the distal tubule is coupled
with the excration of H*, therslore increased distal delivery of Ma* enhances.." These
absarvations strengthened our conviction that in order to begin to approach the level of
competence of an expert a computer program must possess a similar abliity. It must be able to
reason simultaneously with phenomenclogical knowledge about disease associallons and with
the best available pathophysiological knowledge about disease mechaniams. Much of our effort
has been focused on bullding representational and procedural mechanisms 1o provide such a
capability. The emphasis has been on the development of multi-level causal descriptions of a
patient’s iliness and on the development of technigues for composing/decomposing effects with
multiple causes (described in chaplers 3 and 4). ‘We believe this approach provides our program
with a level of understanding of disease not present in the first generation of AIM programs.

The study of clinical problem solving activity by Elstein [Elstein78], Kassirer [Kassirer78] and
others suggests that a physiclan’s diagnostic reasoning is strongly guided by structural notions
such as “coherance” and “adequacy™. Each diagnostic alternative entertained by a physician is
a mosaic ol connected hypotheses, logether accounting for the observable aspects of the
patient’s iliness. This thesis describes the use of a coberent hypothesis as the logical unit of
hypothesis representation (represented as a PSM). A PSM is a collection of causally connected
disease hypotheses and hindings, providing a (perhaps partial) explanation of the patient's iliness.
A set of alternalive diagnoses consistent with a PSM is repwesented using a diagnostic closure, A
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diagnostic closure unites all the dependencies and expeclations necessary for diagnostic iquiry,
for selacting appropriale questions, and for evaluating the information received in response 1o the
guestions.

Expert clinicians employ a variety of diagnostic strategies for an efficient exploration of the
diagnostic space. Some of the first generation programs, notably INTERNIST-I, use similar
strategies to guide their diagnostic exploration. However, their lack of commitment in pursuing a
given sirategy to completion results in unfocused and inefficient use of these stralegies. This
problem can be alleviated by allowing the diagnostic problem solver to plan a sequence of
quasljnns locusad around a diagnostic ask belore embarking on an inguiry. In this thesis wa
have described a simple diagnostic planner which formulates a tree structured plan. The
planning begins with the global task of discriminating among the set of alternative PSMs {and
thieir associated diagnostic closures). This task is reduced to a set of gquestions by recursive
application of diagnostic strategies: confirm, differentiate, rule-owt, group-and-differentiate and
explore, The diagnostic planning provides the program with a focused and efficient diagnostic
behavior., In addition it serves as a framework for justifying the maotivation for asking a particular
guestion.

We have argued that for a competent medical system to be accepted, it must ba able to
explain its conclusions to its user. This thesis has applied some recent explanation technology
[Swartoutad]?* developed in a simpler domain to the much more complex domain of electrolyte
and acid-base diagnosis. ABEL is capable of juslifying its motivation for asking a particular
guestion and explaining its understanding of the patient’s illness at multiple levels of detall,

T.2 Limitations of ABEL and Fulure Directions

The research presented in this thesis has many limitations,  Some are due to limitations. of
time and resources, More serigusly, the inherent size and complexity of the domain has forced us
to limit the scope of this research fo just a few issues and to adopt engineering compromises.

The representation of the relation between states in ABEL is inadequals; all interactions are
described using a single type of link, namely a causal link. This is unnatural when the relationship
batween diseasa states is statistical with no known causal explanation. Furthermore, we need to
group stabes which jointly have signilicant diagnostic and prognostic implications even if the
states are not causally or statistically relaled. Weaker refations, such as “associational links™ and
“grouping links"” are neaded to caplure these wo cases [Pauker?d, Patil?a).

35. The explanation technigue developed by Swartoul explores e use af awlomalie programming lor
encoding & porfermance program’s domain knowlodoge and principlos wiach are hen uscd 1o explain the
bhavior of the porformonce program.  ABEL, bowever, masinkaing o cephcil sccount ol s knowledge.
Phsrctore, the use ol sulomalic programming is nol necessary to explain AREL"S roasoning o
ianebErstanding,
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Causal interactions are themselves complex and multi-laceted. For example, an effect may
be triggered by a cause, or the presence of an eifect may require continuous presence of the
cause. We consider an elaborate taxonomy of causal relations (e.q., [Rieger77]) to be a
necassary component in the future development of ABEL.

One primary objective of this thesis has been to explore structural criteria such as coherence
and adequacy in the construction and evaluation of causal hypotheses, We have intentionally
avaided probabilistic measures in order to test the full potential of this newly developed structural
criteria. Howewver, the structural and probabilistic measures complement each other: both are
essential in a diagnostic system, We intend to develop probabilistic measures for evaluating
coherent hypotheses based on techniques described in [Duda?s) and [Pednaults1),

The diagnostic problem solver in ABEL has a simple tree structured plan for controlling its
diagnostic information gathering. Although it already provides the rudimentary abilities discussed
above, it fails to capture the interactions between different branches of the tree. Additional
inadequacies arise for the following two reasons. First, as discussed in chapter 3, the use of
available knowledge of anatomy, etiology and disease taxonomy is limited. Second, the program
does not ascertain the overall state of the patient’s health, e.g., the vital signs, stability etc.® This
assessment s an important component of the physician's evaluation and has considerable
influence on his formulation of diagnostic goals and stralegies. We believe that a similar
assessment of the overall state of a patient’s health should be modeled in the PSM explicitly, and
usad in guiding the diagnostic exploration. In coming years we envision implementing diagnostic
reasoners with increasing sophistication based on the models of causal reasoning developed In
this thesis and on recent advances in planning paradigms (e.g., [Sacerdoti75s, StefikB1]).

A serlous criticism of the work presented here could be the small size of the domain and the
availability of a well defined methods for the initial formulation of the diagnostic problem. This
leads fo the gquestions; do the techniques presanted here scale up? What are the problems if they
are applied o medical diagonsis in a larger domain similar to that of PIP or INTERMIST- 17

The exact methods used by ABEL in the initial formulation of diagnostic problems are domain
dependent. We believe that use of similar techniques to limit the size of initial problem
tormulation is common amang clinicians [Clslin78, Kassirer78]. We believe that it is important to
distinguish between the processing strategies used in the initial formulation and those used
during later stages of the diagnostic process.  Substantial further research is needed in
ienlifying strategies for initial processing inlarger contexts.

J6. We have often noted clinicians describing a pationt in erms such as “this Is sn olherwise healbhy
patient with chrone urinary tract nfochion” of “Ihs s a wory sick paliont wilh scule bsowe! B ammation™.
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We believe, however, that the multi-level causal representation of medical and patient-
specific knowledge, and the description-building processes are independent of the size of the
data-base. The major difficulty in using these methods lies in the anarmity of the knowledge-base
that will be required to adequately cover problems of the size tackled by PIP or the INTERMIST-I,

In summary, this thesis has developed a new representational scheme, capable of capturing
some of the subtiety and richness of knowledge employed by expert physicians, and we have
presented a new form of diagnostic problem solver which avoids some of the problems prasant in
the previous programs. We believe that the research presented in this thesis is a small step in the
right direction. Designing expert medical programs is a difficult and challenging lask; much work
clearly remains before successiul and acceptable expert medical systems are a reality.

The road to wisdom? — Well, it's plain
and simple to exprass:
Err
and arr
and err again
but less
and less
and less,
Fiet Hein,Grooks



Helerances 122

8. Referances

[BlaichT2]
Bieich, M, L., Computer-Based Consultation: Electrohte and Acid-Base Disordars, American Journal of
Medicime 53:286 (1072).

[BobrowTe]
Bobrow, D. G., and Winograd, T., An Overview of KRL, a Knowledge Represamation Language, Artificial

Intelligence Laboratory, Stanford University, Technical Repart Al-283 (1876).

[BrachmanTa]
Brachman, R. J., Thecretical Studses in Matural Language Understanding, Bolt, Beranek, and Mewman
Ing,, Technical Report 3888 (1978).

[BuchananTi]
Buchanan, B. G., and Lederberg, J., The Heuristic DENDRAL Program for Explaining Empirical Data,
Proceadings of the IFIP Congréss 1971, Ljubljana, Yugoslawia (1871). Also Adilicial Inlelligence
Laboratory, Stanford University, Technical Report AIM-141 [1871).

[Churcha]
Church, K. W., On Memary Limitations in Matural Language Processing, Massachusetts Inatitute of
Technotogy, Laboratory for Computer Science, Technical Report MIT/LCS/ TR-245 (1960),

[Cohents]
Cohen, J. J., and Schwartz, W. B., Evaluation of Acid-Base Equilibrium in Pulmonary Insufficiency, The
Amancen Journal of Medicine 41:2, 163167 (1968).

[CohanTT]
Cohen, J. )., Mew Concepts of Acxd-Base Balance, in A. B, Schwartz and H. Lyons, ed. Acid-Base and
Electralyte Balance Groune & Stration, Mew York [1977).

[DavisT]
Davis, R., Appfications of Mata Level Knowledge to the Construction, Mantenancs and Use of Large
Knowledge Bases, Ph.D. thesis, Stanford Artificial Intelligence Laboratory, Technical Memo 283 (1078]).

[Davia77)
Davis, R., Buchanan B, and Shortlithe, E., Production Rules as a Representation for a Knowledge-Based
Consybtation Program, Artilicial infeifigence B: 1545 (1877).

[dekKieeTa)
detlear, J., Causal and Teleological Reasoning In Circuil Becognition, Massachuseits Institule of
Technotogy, Artificial intelbgence Laboratory, Techmical Report MITAALTRG20 (1979).

[DoneTa]
Doyle, J., A Glimpsa of Truth Mainlenance, Massachusatts Institele of Technalogy, Artificial Intelligence
Labargtary, Technical Mamo MiT /A TM-46%1a (1878}

[Doyiean)]
Doyle, J., A Model for Deliberation, Action, and Introspection, Massachuselts Institute of Technology,
Artiticial Intelligence Labaraory, Technical Beport MIT/AL TR-881 (1080),



References 123

[DudaTa]
Duda, R. Q., Hart, P, E., and Nilason, M. J., Subjective Bayesean methods for rule-based inference systems,
Procesdings of the 1976 National Computer Conference, AFIPS Press (1976),

[ElsteinTa)
Elstein, A. 8., Shulman, L. A., and Sprafka 5. A, Medical Problem Selving, Harvard Uiniversity Press (1978),

[Feingteini7]
Feinstein, A. R., Clinical Biostatistics XXXIX. The haze of Bayes, the aerial palaces of decision analysts,
and the computerized Ouija board, Clinical Pharmacology and Therapeutics 21 0240 (1877).

[Fiea72]
Fikes, R. E., Hart, P. E., Nilsgan, N. J., Learning and Execuling Generalized Fobot Plang, Arificial
Inteligence 3:251-288 (1872).

[Forrestersi]
Forrester, J. W., Industrial Dynamics, MIT Press, Cambridge (1961).

[GairesTa)
Gaines, 8, R., Foundations of fuzzy reasoning, Mnt. J. Man-Machine Studies B:623-668 (1978),

[Goldberg73]
Goddoerg, M., Green 3, Moss, M. L. Marbach, C. 8., and Garfinked, 0., Computer-basad Instruclion and

Diagnosia of Acid-Base Disorders, JAMA 223-3:260-276 (1873).

[GomyaT]
Garry, G. A, A System for Computer-dided Diagnoss, Project MAC, Massachusells Insbtule of
Technology, Technical Report MIT/MAC/TR-44 (1967).

[Gorryts]
Guorry, G. A, and Bamett, G. O., Sequential Diagnosis by Computer, JAMA 205:12:141.148 (1968).

[Gorry73)
Gorry, G. A, Kassirer, J. P., Essig, A. and Schwartz, W. B, Declsion Analysis as the Basis for
Compuler-Aided Management of Acute Renal Failure, The American Jownal of Medicing 55473484

(1973).

[Gorry78]
Gorry, G, A, Silverman, H., and Pauker, 5. G., Capturing Clinical Expertise: A Computer Program that
Considers Clinical Responses to Digitalis, American Journal of Medicing 64:452-460, {1978).

[GaorryTaa]
Gorry, G. A, Pauker, 5. G., and Schwartz, W. B., The Diagnostic Signilicance of the Normal Finding, M
Engl J Med 298:488 (1878).

[HawkinsonTs]
Hawkinson, L. B., The Representation of Concepts in OWL, Proceedings of the Faurth intemational Joint
Conference on Antilicial Intelligence, MIT Artificial Intelligence Labaratory (1 a7a).

[Hawkinsonan)
Hawkinson, L. B., XLMS: A Linguistic Memory System, MIT Laboratory lor Computer Science, Technical
Memo MIT/ALCS T-173 (19680,



Refarances 124

[KahnemanT3]
Kahneman, 0., and Tversky, A. , On the Psychology of Prediction, Psychol. Rev. BO:237-251, (1973).

[Kassirer7a]
Kassirer, J. P., and Gorry, G. A,, Clinical Problem Solving: A Behavioral Analysia, Ann. Int. Med. 89:245,
(1978).

[Kuipers78]
Kuipers, B. J., Representing Knowledge of Large-Scale Space. Massachusetis Institute of Technology,
Artificial Intelligence Laboratory, Technical Report MIT/ AL TR-418 (1978).

[Hulikowskiai)
Kulikowski, C. A., and Weiss, 5. M., Representalion of Expart Knowledge for Conaultation: The Casnet and
Expert Frojects, in P. Szolovits, ed., Astificlal Inteigence in Medicine, Weshiew Press, lorthcoming (1881)

[Lynchio]
Lynch, K., The image of the City, MIT Pross, Cambridge, Massachusetts (1980).

(Long77]
Long, W. J. A Program Writer, Massachusatia institite of Technology, Laboratory for Computer Science,
Technical Report MIT/LCS/TR-187 [(1877T)

[LongB1)
Long, W, J., and Szolovits, P., The Development of Clinical Expertise in the Computer, in P, Szolovits, ed.,
Artilicial Inteligence in Medicime, Westview Press, forthcoming [1981).

[MarcusTg]
Marcus, M., A Theory of Syntactic Recognition for Matural Language, Ph.D Thesis, Department of
Electrical Engineering and Computer Science, Massachusstta Inatitute of Technology, (1978).

[Martin?7]
Martin, W. A, Descriptions and the Specialization of Concepts, Proceedings of the Fitth International Joint
Conferance on Adificial Intelfigence, Vol 2, MLT. Cambridge, Ma., August 1977. Pittsburgh, Pa.:
Carnegia-Mellon University, 1977, Also available as Massachusetts institute of Technaology, Laboratory o
Computer Science, Technical Memo MIT/LCS/TM- 101, Cambridge, Ma., {1877).

[Martinirg]
Martin, W. A., Roles, Co-Descriptors and the Formal Representation of Quantified English Expressicons,
Massachusedts Instivle of Technology, Laboratory fer Compuler  Science, Technical Memo,
MITALCS T-138.

[Marting1)
Martin, W. A, Church, K. W., and Palil, R, 5., Preliminary Analysis of a Breadih-Firsl Parsing Algorithm,
MIT Laboratory for Computer Science, Techndcal Repart, ML T./LCS/TR-261, Cambridge, Ma,, (1981).

[Mdilbarys]
Miller, P. B, Strategy Selection in Medical Diagnosis, Project MAC, Massachusetts Institute of Technelogy,
Technical Report MITALCS/ TR 153 (1975),

[MinshyT5]
Mineky, M., A Framewark lor Representing Knowledge, in P. H. Winstan, ed., The Psychology of Computer
Vigion, MoGrawe-Hill, Mew Yok (1975).



Raferences 125

[MoanT4]
Moon D, A, MACLISP Reference Manual, Labaratory for Computer Science, Massachusetts Inslitute of
Technology, (1974).

[Newsli72]
Mewell, A, and Simaon, H. A, Human Problm Solving, Prentics Hall {1972),

[NewsliT3]
Newell, A., Artificial Intelligence and the Concept of Mind, in Schank, R. C. and Colty, K. M, edg,
Computer Models of Thought and Language, W. H, Freaman and Ca, (1873).

[NewallTa]
Mewell, A., and Simon, H. A., The Logic Theory Maching: A Complex information Proceasing Syshem, [BM
Trans. an information Theory, 2(3):61-79, (1976).

[Patir7s)
Patil, R. 5., Design of a Program for Expert Diagnosis of Acid Base and Electrolyle Disturbances, MIT
Laboratory for Computer Science TM-132 {1979),

[Patilgi]
Patil. R. 3., Srolovits, P, and Schwartz, W. B, Causal Understanding of Patient fness in Medical
Diagnosis, Proceedings of the Seventh International Jolnl Conlerence on Artiticial irfelligance, available
from-American Associstion for Artificial intelligence, 445 Burgess Drive, Manto Park, Ca BA0EE [1881).

[PaukerTs)
Pauker, 5. G., and Kassirer, J. P, Therapeutic Decision Making: A Cast-Benafit Analysis, N Engl J Mad
203:229-234 (1975).

[PaukerTa]
Pauker, 5. G., Gorry, G. A, and Kassirer, J. P., and Schwartz, W, B., Toward the Simulation of Clinical
Cognition: Taking a Present liness by Computer, The American Jourmal of Medicing B0-981-995 {1878).

[Pauker77]
Pauker, 3. G., and Szolovits, P., Analyzing and Simulating Taking the History of the Present liness:
Context Formalion, in Schneider/Sagvall Hein, eds.. Computational Linguishics in Medicineg, Morth-Holland
(1877},

[Pednaultai)
Pednault, E. P, D, Zucker, 5. W., and Muresan, L. V., On the Independence Assumption Linderlying
Subjective Bayesian Updating, Artificial Intelipence, 16:213.222 (1881).

[Periman74)
Partman, F., McCus, J. D., and Friedland, G., Urinary Tract Infection {UTI) / Vaginitis Pratocol,
Introduction, Ambulatory Care Project, Lincoln Laboratory, Massachusells Institute of Technology, and
Belh lsraed Hospital, Harvard Madical School (1874).

[Poplers]
Fople, H. E., J-. Artificial-imefligence Approaches to Computer-Basod Medical Consultation, IEEE
Intercon Conleronces [1975).



Relarences 126

[PoplaTsa)
Popie, H.E., Jr., Myers, J. ., and Miller, R. A., DIALOG: A Modael of Diagnostic Logic for Internal Medicine,
Advance Papers of the Fourth International Joint Conference on Artificial Inteligence, avallable fram tha
Artificial Intedligence Laboratory, Massachusetts Institute of Technology (1875).

[PopleTs]
Pople, H. E., Jr., Presentation of the INTEANIST System, Proceedings of the A.LM Workshap, Rutgers
Resaarch Resource on Computers in Biomedicing, Rulgers University (1976).

[PepleTT]
Pople, H. E., Jr., The Formation of Composite Hypotheses in Diagnostic Problem Solving: an Exercise in
Synihetic Ressoning, Proceedings of the Fifth international Joint Conference on Artilicial intelligence,
available from the Departrent of Computer Science, Carnegie-Mellon University, Pittisburgh, PA 16213
(1977).

[Popleat)
Pople, H. E., Heuristic Methods for Imposing Structure on | Structured Problems: The Structuring of
Medical Diagnostics, in P. Szolovits, ed., Arnificial intelligence in Medicine, Westview Press, Forthcoming
{1881).

[Raiffa7]
Raiffa, H., Dacision analysis. Addison-Wesley Publishing Company, Reading, Massachusetts {1970).

[Richards77]
Richards, B., and Goh, A. E. 5., Computer Assistance in the Treatment of Palients with Ackd-Base and
Electrolyte Disturbances, MEDINFQ 77 IFIP, Morth-Holland Publishing Company (1877,

[RiegeT7]
Rieger, C., and Grinberg, M., The Declarative Representation and Procedural Simulation of Causality in
Physical Mechanisms, Proceedings of the Fifth interaational Jeint Conference on Artificial infeiigence,
availabie from Department of Computer Science, Carneghe-Malion Uiniversity, Pittsburgh, PA 15213 (1977).

[RubinT5)
Rutan, A, [, Hypothesis Formation and Evaluation in Medical Diagnosis, Artificial Intedligence Laboratory,
Massachuselts institute of Technology, Technscal Report MET/AL/ TR-316 {1975).

[SacendotiTs]
Sacerdoti, E. D., A Struefure for Plans and Behavior, North Holland/ Amercan Elsevier, New York (1977).

[Safran7E]
Salren C. et al., Diagnostic planning and cancer management, Massachusetts Inslitute of Technology,
Laboratory for Cormputer Science, Technical Report MIT/LCS/TR-169 (1976).

[Schwartzgs]
Schwartz, W. B, Brackett, N. C., Jr. and Cohen, J. J., The response of exraceliular hydrogen ion

conceniration to graded degrees ol chronic hypercapnia: The physiodogic limits of the defense of pH, J
Chin, Jrmvest., 4422971 (1965).

[SchwartzT0]
Schwarlz, W, B, Medicine and the Compuler: The Proenise and Problems of Change, N Engl J Med,
283:17257.1264 (1970).



References 127

[Schwartz73)
Schwartz, W. B, Gorry, G. A, Kassirer, J. P, and Essig, A., Decision Analysis and Clinical Judgmant, The
American Journal of Medicime, S5:450-472 (1973).

[ShaterTe]
Shaler, G., A Mathematical Theory of Evidence, Princeton University Press (1978).

iShortlifie?s]
Shorlliffie, E. H., and Buchanan, B. G, A Model of inexact rissoning In medicing, Mathemalical
Biosciences 23:351-379 (1975).

[ShorthifaTa)
Shortlitte, E. H., Computer Based Madical Consullations: MYCIN, Elsavier North Holland Inc. (1978).

[Shartlitters)
Shortiiffa, E. H., Knowledge Engineering for Medical Decislon Making: & Rewew of Computer-Basad
Clinical Decision Aids, Procesding of the IEEE, farthcaming {1979),

[Silverman7s)
Silvarman, H., A Digitalis Therapy Advisor, Project MAC, Massachusetts Inatitute of Technalogy, Technical
Report MIT/MAC/TR-143 (1975).

[Smith78]
Smith, B. C., A Proposal for a Computational Model of Anatomical and Physialegical Reasoning, Artificial
Intelligence Laboratory, Massachusells Institute of Technalogy, Technical Memso MIT SALTI-403 (1078),

[Stedmana]
Sredman's Medical Nehionary, 20th ed., Baltimore: Williams & Wilking (1981),

[Stefikat]
Stefik, M., Planning with Constraints (MOLGIM; Part 1), Artiticial nteligence, 16:111-140.(1881),

[StefikB1a)
Stefik, M., Planning and Meta-Planning (MOLGIN: Part 2), Artificial Intefligance, 18141170 (1881).

[Sumsmant2]
Sussman, G. J., and McDermott, D. V., From PLANNER to COMNIVER - A Genetic Approach, Froceedings
of the 1976 Fall Joinl Computer Conference, pp. 11711179, AFIPS Press {1876).

[Sussman73)
Sussman, G. J., Some Aspecls of Medical Diagnosis, Artificial Inteligence Laboralory, Massachusatts
Institule of Technology, Working Paper 56 (1073).

[Swartout]

Swartout, W.. R, Producing Explanations and Justifications of Expert Consulting  Programa,
Massachusetts Inglilule of Technology, Laboratory for Comguler Science, Techndcal Roport
MIT/LCS/TR-251 (1981},

[SzolovilsTa)
Szolowils, P, and Pauker, 5. G., Research on a Medical Consultation System for Taking the Present Niness,
Proceedings of the Third Wingis Conference on Medical Infarmation Systems, University of Ninois al

Chicago Cirele [1078)



Refarances 128

[SzalowisTT)]
Srolovits, P., Hawkinson, L, and W. A, Martin, An Overview of the OWL Language lor Krowledgea
Representation, Proceedings of the Workshop on Natural Language Intoraction with Dilabases,
Internatienal Institute for Applied Systems Analysis, Schioss Laxenburg, Austria, Jan. 10, 1977, Also
appeaned as MIT/LCS/TM-BE (1877,

[Szolovits?a]
Sxolovits, P., Pauker, 8. G, Categorical and Prohabilistic Beasoning in Medicsl Diggrosis, Artificial
intetigence 11:115-144 (1978).

[SzolovitsTRa)
Szolovits, P.. The Lure of Numbers--How to Live With and Without Them in Medical Diagnosis, Proceeding
of the Collogquivm in Computer-Assisted Decision Making using Chnieal and Paraclimical (Labaoratary)
Data, (1978).

[SzolovitsTH]
Szolovits, P, and Pauker, 5. G., Computers and Clinical Decision Making: Whether, How, and For Whom?
Proceading of the IECE, 6T:1224-1 226 (1978).

[Szolovits81]
Szolovits, P., Arfificial Infeligence in Madicine, Wesiview Prass, farthcoming {1881).

[Szolovitsa1a]
Szolovils, P, Astificial Intelligence and Medicine, in P. Szolovils, ed., Artificial Intefigence in Medicing,
Wostview Preas, lorthcoming (1981).

[SzclavitsA1b]
Szalowits, P, Patil, R, 5., and Schwarlz, W, B., Reascning Methods in Al programs in Medicine, in progress,

[TverskyT1]
Tversky, A, and Kahneman, D., Belief in the Law of Small Numbers, Psychol. Bull, 761051 10 {1971},

[TwerskyT4)
Twersky, A., and Kashneman, D, Judgment under Uncertainty: Heuristics and Blases, Science
185:1124-1131 (1974).

[Weadea)
Weed, L. L., Medical Records that Guide and Teach, New Engl. J. Med. 278:503, (1968).

[WeiasT4]
Weisa, 5. M., A System for Model-Based Computer-fided Disgnosis snd Therapy, Ph.D. Thesis,
Computers in Biomedicirs, Depariment of Computer Science, Rutgers Uiniversity, CBM-TR-27-Thesis
{1874).

[WeissTa]
Weiss, 5. M., Presentation al the Third llinois Conference on Madical Information Systems, Univarsity of
lHinois al Chicago Circla (1976).

[Weiss78)
Weiss, S. M., Kulikowski, C. A., Amarel, §., and Safir, A, A Model-Based Method for Compuler-Aided
Medical Decision-Making, Artificial Intefigence 11:145-172 (1978).



Referances 128

[Winston77]

Winslon, P. W., Arificial Intelligence, Addison-Weslay Publishing Company, Reading, Massachuasits,
(1972,

(Yu7s]

Yu, V. L., el all, Evaluating the Performance of a Computer-Based Consultant, Computer Programs i
Bivmadicing 'D.‘Eﬁ-il:l?{m?ﬂj

[2acdahes)
Zadeh, L. A., Fuzzy sels, Information and Canfrol 8:338-353 (1065),



System Buitding Tool: XLMS 1

Appendix | - System Building Tool: XLMS

The ABEL system uses XLMS to represent and manage its knowladge base, The XLMS
(e X perimental Liinguistic Memory System) was developed primarily by Lowsll Hawkinson, Willlam
Martin, Peter Szolovits and the members of the Knowledge Based Systems and the Clinical
Decision Making groups at MIT [Hawkinson80]. Although the representation of the ABEL system
has bean substantially influenced by the design philosophy and the details of the implementation
of XLMS system, it is not necessary to have a complete understanding of the intricacies of XLMS
to understand this document. This section is intended to elucidate only as much of XLKMS as is
required to comprehend this document. Furthermore, wherever possible, the ¥LMS notation is
supplemanted by its graphical representation to reduce the dependence of this document on the
notation of the XLMS.

Parhaps the best way to think of XLMS ig that it iz an extension of LISP that allows one to usa
unigue and canonical expressions and allows one to abel thess expressions uniquely, In LISP,
atoms are usad 0 name variables and functions. In ¥LMS, variables and procedures can be
named by unique expressions (called concepis). Simdar 1o LISP aloms, these concepis can have
properties called aftachments. They differ from the LISP in the sense thal these concepls are
structured objects and can have superior and inferior Structures. In addition, these concepts
have internal structure that can be taken aparn and examined, while lisp atoms are indivisible.

.1 XLMS Concapls

In XLM3, every concept is composed of three parts: ik, tie and cue, and Is wrilten as:
[(<ilk>*<tie> <cue})]
or, io take an actual example from the ABEL data base:
[{concentration®u aclf-na})]

The ik of a concept is itself a concept. It describes the concept this concepl i derived from.
Thus the example concept described above, is a kind of “concentration”. The cue of a concept is
gither a concept or a lisp symbol. It specializes the general concept describad by the ilk, or in
othar words, indicates what it is that makes this concept differant from others with the same ilk,
The axample represents the "'concentration of ecf-na'": a particular kind of concentration, The tie
of a concept indicates the relalionship between the il and the cue. In this case, the tie is “u" for
unique-rofe.  The role ties are used to indicate slots (altributes or properties) of a concept
(furthermore, a unique-role indicates that there is only one rale of the kind described by the
concept]. Thus Ihis concepl represents the "concentration™ slot in the concept of “ecf.na”.
There are soveral other ties that are used in the system, some af them primitive to the XLMS
system and some “user defined” for usa in the ABEL system. These are Hsted in Table 1 together
with examples of their use. Finally, any concept in the data-base can be {oplionally) labeled using
the nolation
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Tablel.
Tia Mame Example Use English Form  Purposa
*f  function [(ball*f red)] (the) red ball functional
restriction
*r  role-in [(color=r ball)] (the)} color of  slot filling
(the) ball
*u unique-role  [(weight*u ball)] (the) weightof  slot filling
(the ball)
I Individual [(bal®i-1)] ball instance
*s  species [{bird*s robin)] robin mutually exclusive

decomposition

[<tabel> = {concept®]
or, to name the concepl defined above
[s@rum=na = [comcentration*u acf-na)]

As was indicated above, concepts in XLMS are organized into an AKO hierarchy (see figure
&7). The roct concept is [summum-genus] and all concepts are defined as specialization of this
concept.

In LISP, a symbol may have a property-list, which can be used to to attach properties (lists
and other atomic symbols) to a symbal. Similarly, in XLMS, we have aftachment which can be
used to associale concepls relating to a concept with that concept. The nolation for attachment
i

Fig. 57. The XLMS hierarchy

EntRy" ity "

i T
solids  leguwids o arsifamical- shysiological.
' A enmy ' Lni':?v 9
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[<concept> #<{attachment-relation?
tattached-concept> .... ‘attached-conceptr]
or, for example:
[(sex*u patient) #Value male]
The attachment-relation specifies how the concept and the attached concept {called the
aftachment) are ralated. The example above states that the slot “sex of the patiant™ has tha
“value” of “mala". An alternate way would have been to create a specific concepl to describe the
same relation. For example, the relation described above could be alternately specified as
[({sex*u patient)*f mala)]
which states that the “sex of the patient” is functionally restricted to baing “male”. The built in
functions of XLMS tend to make it easier to work with the concept hierarchy than with
attachments. Typically, primary characterizations of a concept are placed in the kind higrarchy
while secondary ones are indicated by altachments [Martin79)., The commonly used attachments
in the ABEL system are: #v (value), #f ffunction) #e¢ (characterization), #m
(meta-characterization) and # s (standard-error). Some additional attachment relations such as
& meta-link are also used.

Program fragments in the ABEL system are described using sequences of XLMS concepts.
Sequences are described in XLMS notation by a list of concepts separated by commas:
[{concept?,{concept>, ..., {concept>)

The reader may have noticad that the XLMS notation is delimited by squara brackets, These
brackets identiy the concept as a piece of XLMS notation and delimit the scope of is
attachments (if any). Any expression delimited by square brackets is called a complex. The first
concept to appear after a left bracket is called the head of complex. If an xims-complex is
contained within some piece of XLMS notation, the XLMS reader makes any attachments or
builds any structure indicated by the complex, and then replaces the complex by the head of the
complex.

Finally, the colon anaphora provide a convenient shorthand for specifying the siots {rokes) of
a concept If a concept appears in XLMS notation with a colon (or several colons) immediately
following it, then the XLMS reader replaces that concept with a new concept whose ik is the
concept with that notation and whose tie is *r. If the colons are immediately lollowed by a number
{e.g., 1), then the XLMS reader replaces this concept with the lirst instance of the mew concept. If
colons are immediately followed by a “u", the XLMS reader replaces this concepl with a new
concept whose il is the concept with the concept with that notation, whose tie is *u-and whose
cue ks the head of the conplex n levels in from the tap level complex, where n is the number of
colons in tha notation. For axample:



XLMS Concapls 133

[tabla ==» [table

[top:u #¢ ...]] [{top*u table) #c ...]]
[tabla == [table

[Teg: #c ...]1] [(1eg*r table) #c ...]]
[table ' ==} [table

[Teg:1 #c ...]] [({1eg*r tablae)*i 1) #c ...]]

A similar anaphora mechanism, but counting fram the inside, is provided with tha use of uparrow
:I.I.‘_Il]..

1.2 The XLMS Interpretar

A simple XLMS interpreter LINT (Little INTerpreter) was implemented by the author to
execute the mapping relations associated with links and component summation/decompaosition
ralations associated with primitive links. The evaluation of funetions and handling of arguments in
the interpreter is similar to LISP. For example, a function *({compute-ph serum-hcod
serum-pco2)” in LISP is equivalent to “[(compute-ph*c serum-hco3,serum-pco)]” in LINT.
They difter in the way the variables are evaluated. In LINT a variable {indicated by a role tie) is
evaluated by first binding the concept containing the role (slol associated with the variable) to its
instantiation in the initiating pattern (i.e., a specific link or constituent summation) or the selected
P30, and then accessing the value associated with the slot in the instance, or by inheriting the
appropriate default value associated with the slot. For example, evaluation of the above LINT
function in context of PSM-1 of example 1 in chapter & would result in binding “serum-hcod™ to
“serum-hcod-1" with the value of 15.0 and similarly “serum-pco2” to “'serum-poo2-1"" with the
value of 30.0.

Finally, we note that the program fragments in xlms are sxpressed as concepts, they are
naturally organized into XLMS hierarchy of concepts allowing the program to inherit the function
definition for specific 1asks from more general definitions. For example, the function to compulta
the concentration of serum-Na from the tolal quantity of Ma in the extracellular compartment can
be computed using the more general function for compuling the concentration of a ssrum
glectrolyte from its total store in the extracellular compartment.
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Appendix Il - Explanation

The English explanation generator in the ABEL system is implemented using the
methodology developed by Swartout [Swartout8d] as a part of an interactive system which
explains and justifies portions of an expert system for prescription of Digitalis. In this chapter we
will review the methodology lor generating English from causal paths and XLMS concepts
developed by Swartout and discuss techniques for organizing the flow of explanation in
translating descriptions contained in a PSM.

1.1 Phrase Genaralor

The phrase generator generates English phrases from XLMS concepts. An example of an

XLMS concept and the phrase generated for it is:
[{severity*u diarrhea)] ==» (the) severity of diarrhea

In XLMZ, the tie of a concept indicates the relationship betwean the ilk and the cue of tha
concept. Thus, *r indicates that the ilk is a role in the cue, and *f indicates that the cus is a
modilier of the ilk. Because the lie indicates the relationship between the itk and cue, it alsn
determines the primary English form of a concept. Therelfore, the phrase generator is organized
arpund the types of the tie. Examples of primary English phrases associated with concepts with
different ties is shown in lable 1 in appendix 1.

The phrase generator contains a set of translation rules; one rule for each type of te.
However, for a labeled concept, the phrase generator prefers the label of the concept over its
translation m:cépt when the use of the label is explicitly ferbidden. This can be done by
meta-characterizing the labeled-concept or any of its superiors with [do-not-use-label].

The translation of a causal link into English is initiated when a concept with the tie *e is
encountered. However, this translation is also dependent upon whether the link is being
traversed forward from source to destination or vice versa. For example,

[((caused-by*b diarrhea)®*e metabolic-acidosis)]
would be tranzlated while belng traversed forward as
diarrhea causes metabolic acidosis
and, while being traversed backwards as
metabolic acidosis is caused by diarrhea

These low level primitives for translating individual XLMS expressions are used by the highar
level of explanation generator which fraverses the causal net,
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I.2 Higher level explanations

With the ability to translate a state and a link we next focus on describing cavsal relations

ooourring in a cawsal net. First, let us focus on describing simple chains of causal links, such as:

[{{caused-by*b A)*e B}], [({caused-by*b B)*e C)], [{(caused-by*b C)*a
D))
which is translated into

A causes B, which causes C. [ causes D,

Mote that this is somewhat of a compromise. It prevents the monotony of having three santences
with identical structuras; "A causes B. B causes C. C causes D.". Howaever, the number of
companents in any given sentence are restricted fo two, therefore, in situations where use of
three causal relations In a single sentence is desired, the explanation generated by this method
comas oul rough.

Let us consider another situation

[(({caused-by*b A)*e B)]

[{{caused-by*b C)*e B)]
If this situation occurs in the general medical knowledge, then it implies that A and C are two
possible causes of 8. This is translated as

A may cause B. C may also cause B.

However, if this situation occurs in the PSM, then A and C combine to causa B. This can ba
stated as

A and C jointly cause B.
Howaver, if the wa are discussing the relation between A and B then this is stated with the help of
an adjunct clauss, e.g.,

A along with C causes B.
Conversely, whan wa hava

[(caused=by*h A)"a B)]
[(caused-by*b A)*e C)]
It is iranslated as
A causes B and C.

A high level English generator is based on this translation facility. Its primary goal is to organize
the medical knowledge or the patient specific knowledge inlo a sequence of objects which are
then translated using the translation facility.

37. Inthe medical knowledge base a cousal link is inferpreded a8 indicaling o poosiblo causal relation,



Qrganizing causal Explanation 136

1.3 Organizing causal Explanation

The operation of the higher level explanation generator can be describad in three steps: (1)
describing a node (state), (2) describing & relation between two nodes, and (3) describing a
causal network.

The description for a node is generated in the following way. The translation of the concept
associated with the node generates a noun phrase (NF), Each altribute (slot) of this node can be
then be described as an adjective which modifies the noun phrase associated with the node. For
examphe;

[(diarrhea*i 1)
[severity:u #v 0.7 Fc severa]
[duration:u #v 60.0 #c chronic]]

== severe chronic diarrhea

In addition the explanation generator distinguishes batween the first time a concept is described
from all subsaquent referances to the concept. At the first time every attribute of the concept that
has been specified in the instance is described whereas on subsequent references only those
attributes are mentioned which are necessary 10 distinguish this instance from other references to
other instances of the same concept. For example, if during the discussion we had also made
reference 1o “severa acute diarrhea” then in a later reference to the [(diarrhea*i 1)) the program
will distinguish this from the others by spacifying “chronic diarrhea™,

A description of the relation between given two nodes in a causal network is generated as
tollows. (1) Identify all loop free paths from the first node to the second. This generates a partial
order graph (acyclic graph). (2) Impose a linear order on the partial order graph of step 1. (3)
Translate this linear order of concepls using the translator described above. However, we must
note that there may be a causal path between the bwo nodes in each direction — that is, the two
nades might be part of a feedback cycle, This is handled by repeating step 1 with each of the two
nodes as the starting nodes.  If bath of the partial order graphs are null, wa kKnow that the two
nodes are unrelated, if one of them is null and the other non-null, then the relation bebwesn them
is one directional, and if both of them are non-null, then we know that there is a feedback relation
betweean the two nodes.  Luckily, the above algorithm has already decomposed the feedback
refation batweean the forward and the feedback components. Thus we can divide the explanation
of tha relation info two parts: from first node to second and from second to first. An example of
the relation between acidemia and hypocapnia for hypothesis 1 of example 1 in chapter 8 s
showm in figure 58,

The English description for a given causal network is organized in three parts: (1) a one line
introduction describing the primary causes and the important electralyte and acid base states in
the covsal nelwork boing explained, (2) a detailed fleserption of the cansal nelwork bing
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Fig. 58. Feedback relation betweaeen acidemia and hypocapnia

The forward path: The acidemia causes hypocapnia.

Ihe fesdback path: The hypocapnia along with metabolic-acidosis
causes hypobicarbonatemia. Hypocapnia and hypobicarbonatemia jointly
cause acidemia.

explained, (3} a one or two line summary of the causal network which focuses on the nodes in the
causal network that cannot be adequately explained by the network. As the first step in
organizing the explanation the program divides the nodas in the given causal network inlo one of
the following groups: (1) ultimate etiologies, (2) acid-base nodes (3) fully unaccounted nodes (4)
partially unaccounted nodes, and {5) other nodes.

The one line-introduction to the causal network is generated by describing the age, sex and
weight of the patient and all the ultimate aticlogies and the acid-base nodes that have not bean
accountad for by any of the ultimate eticlogies.

The generation of the detalled description of the causal network closely follows the
procedure used for describing the relation between two states. The program takes each of the
ultimate etiologies and fully unaccounted nedes and identifies all loop free paths from these
nodes to all other nodes reachable from them. As discussed belfore, these paths impose a partial
order on the causal network. The program then imposes a linear order on the partial order graph
ganarated in the previows step. Finally it translates this linear order sequence of nodes and links
into English as discussed before.

Finally, the program summarizes the description of the causal network by listing all the fully
and partially unaccounted nodes. That is, it summarizes the inadequackes in the causal
explanation and paints out the nodes that nead further diagnostic exploration.

In this appendix we have briefly discussed the technigues used by ABEL in organizing
explanations of ABEL's medical and patient specific knowledge and have reviewed the English
translation methodology developed by Swarloul [SwartoutB0]. The primitive explanation
capablilities of ABEL, in spite of their inadequacies, have already proved to be valuable 1o the
developers of the program. Substantial further developments in improving the guality of the
English generated, identifying the level at which the explanation should be provided, and in
tailoring the explanations to users' needs using modeling of user's understanding of the program
and the domain of medical expertise are needad.



