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Abstract

In order to address some existing problems in computer-aided medical decision
making, a computer program called NESTOR has been developed to aid physicians in
determining the most likely diagnostic hypothesis to account for a set of patient findings.
The domain of hypercalcemic disorders is used to test solution methods that should be

applicable to other medical areas.

A key design philosophy underlying NESTOR is that the physician should have
control of the computer interaction to determine what is done and when. In order to

provide such a controllable, interactive aid, specific technical tasks had to be addressed. The

unifying philosophy in addressing them is the use of knowledge-based methods within a

formal probability theory framework. The tasks are as fotlows:

1. Scoring Hypotheses: The likelihood of an hypothesis is determined by using
formal probabilistic reasoning with heuristic knowledge introduced explicitly as
assumptions. During the scoring process causal knowledge is used in guiding the
application of relatively sparse probabilistic knowledge. The scoring method
emphasizes bounding the probability of an hypothesis rather than calculating it
exactly.

2. Searching Hypotheses: A branch and bound search technique is used to search
among diagnostic hypotheses for the most probable one. This technique is able
to locate the most probable hypothesis without exploring the entire hypothesis X ]
space, which is particularly useful in diagnosing complex, multidisease cases . o ]

lo where the space may be very large. 1

3 3. Explanation: NESTOR is able to critique and compare hypotheses which are - H

;:j generated by the system, volunteered by the user, or both. Critiquing a single ’

- hypothesis involves explaining the critical qualitative causal and quantitative

' probabilistic factors that affect its score. In addition. any two hypotheses can be

comparatively critiqued. s
1
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A user interface module gives the physician control over when and how these tasks are
used to aid in diagnosing the cause of a patient's condition.

This dissertation presents the problems that are addressed by each of the three tasks,
and the details of the methods used to address them. In addition, the results of an evaluation
of the hypothesis scoring and search techniques are presented and discussed.
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-' Chapter 1 ot

Introduction

in order to address some existing problems in computer-aided medical decision
making, a computer program called NESTOR! has been developed to aid physicians in
determining the most likely diagnostic hypothesis to account for a set of patient findings.
The domain of hypercalcemic disorders is used to test solution methods that should be
applicable to other medical areas.

A key design philosophy underlying NESTOR is that the physician should have

control of the computer interaction in order to determine what type of aid is given and
when it is given. In order to provide such a controllable, interactive aid, specific technical
tasks had to be addressed. The tasks involve scoring hypotheses, searching for a most
probable hypothesis, and critiquing and comparing hypotheses. The unifying theme in
addressing these tasks is the use of knowledge-based methods within a formal probability

theory framework.

. NESTOR uses both causal and probabilistic knowledge in determining the score (a
¢ probability) that is assigned to an hypothesis. This dissertation addresses the question of
rr' whether the additional use of causal knowledge improves the accuracy of scoring of

hypotheses when compared to the use of probabilistic knowledge alone.

NESTOR is able to diagnose multiple disease hypotheses. Intuitively, in a typical
clinical case it seems unnecessary to explicitly consider a/l possible disease combinations in
order to locate the most likely diagnostic hypothesis. This dissertation addresses the

question of whether this intuition is correct, thus making it is possible to develop a search

- 1The term NESTOR is taken from the name of a character in Greek mythology who provided well-respected
= advice and lived a very long life.




p technique which must explore only a small portion of the entire hypothesis space in order to -
guarantee that the most likely hypothesis has been found. -]

NESTOR is able to critique and compare hypotheses which are generated by the
system itself, volunteered by the user, or both. This dissertation develops a method of using -
both qualitative causal knowledge and quantitative probabilistic knowledge in critiquing
and comparing hypotheses.

Bams aen om um e en ki
v o,

After a brief discussion of some general reasons why computer diagnostic aids are .
needed in medicine, a more detailed description of NESTOR s tasks and methods will be
presented.

1.1. The Motivation for Computer-aided Medical Decision Making '

In the past 2S5 years there has been a growing interest in using computers to aid in o
medical decision making [Ledley 59, Shortliffe 79]. A major driving force behind this S
interest is the realization that the quantity of clinically relevant medical knowiedge is too by
great for one 'berson to remember. The medical care system has adapted through the

introduction of individual specialization to cope with this knowledge growth. Major

disadvantages of specialized care are that it leads to fragmentation of medical care, and it is . -ﬁ.h.-J
not readily available in some geographical locations. On the other hand, although general
practitioners may be more accessible and able to offer more integrated care, their
knowledge of medicine can often limit their effectiveness in dealing with specialized

problems.

In addition to memory limitations, human problem solvers also have processing
limitations. Research has illuminated some definite biases in decision making [Tversky 74],
biases that often lead to errors in judgment. Detmer has shown that some of these same v
biases apply to physicians during diagnosis {Detmer 78]. [n particular, studies have shown
that physicians are not adept at correctly utilizing probabilistic information [Berwick 81].

Komaroff [Komaroff 79] summarizes well some of the human cognitive limitations

-

discovered in the above research:

1. The mind fails to make proper quantitative assessments of immediate
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experience: it fails to consider or comprehend the prior probability of an
event, the importance of sample size. the laws of chance, and the realities
of statistical phenomena such as regression toward the mean.

2. The mind fails to recall pertinent past experience; recent experience may
be more accessible than more distant experience; an experience which
seemed irrelevant or nonsensical at the time may be buried in the memory
because there was no salient intellectual niche into which it could be fit; a
hypothetical event may be difficult to imagine in quantitative terms, such
as the degree of risk, if one has had little or no past experience which is
relevant.

3. The mind places undue emphasis on its initial estimate of an event’s
likelihood in all subsequent estimates; similarly, the mind tends to
estimate a confidence interval around an estimated mean value which is
inappropriately narrow.

The potential power of computer programs lies precisely in those areas, such as probabilistic
reasoning, where one encounters many of the limitations of human decision making. So, in
addition to being a memory booster, the computer can potentially serve as a reasoning aid to

the physician.

Although there are still many technical, legal. and sociological issues to be addressed in
computer-aided medical decision making [Schwartz 70}, a central tenet of this dissertation is
that improving the individual physician's ability to intelligently utilize vast bodies of

medical knowledge will improve the quality of medical care.

1.2. Where NESTOR Fits within Computer-aided Medical Decision
Making

A computer-aided medical decision making program (CAMDM), called NESTOR, has
been developed to aid in the diagnosis of the diseases that cause hypercalcemia. This
domain provides a testing ground for ideas that are applicable to many other areas of
medicine. Figure 1-1 shows a simplified decomposition of the tasks in medical decision
making. The box encloses thouse tasks addressed by NESTOR. A major problem addressed

by the program is to return the most likely hypotheses that account for a given set of
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Figure 1-1: A Decomposition of the Tasks in Medical Decision Making -Z:ﬁ"flj
—_—
findings. This involves generating a set of candidate hypotheses and then rank ordering . ‘1
them. Although shown in the diagram as separate tasks, these two actually interact, so that - ‘
generation and ordering occur incrementally. Explanation of the final ordering is also an o
r important task. This enables NESTOR to explain why one hypothesis is considered more 1
! likely than another. ]
: ;
- Note that in Figure 1-1 the the task of seeking data is not addressed by NESTOR.
t.’ Thus, NESTOR is not concemned with strategies for data-seeking, but instead it focuses on )
i,-. how to determine the most likely diagnostic hypotheses given a particular set of ‘
h_ii_- ﬁndings(da_ta). This is not because the question-asking task is considered unimportant, but 1
.-',:Z rather that the two tasks are too large for a single dissertation to address in detail. In fact,
% seeking data and determining the likely diagnostic candidates usually work together in an -

iterative manner in any complete diagnostic system. The likely diagnostic candidates are
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7 used by the data-seeking module in order to determine the next best finding to seek; once : ¥
the finding is acquired the most likely diagnostic hypotheses are again determined: this )
continues until some condition to stop seeking data is satisfied. So, although NESTOR does ‘;:
not currently address data-secking issues, it does perform the equally important task of ‘
. ) locating the most likely hypotheses given a set of data; in the future this module can be ' '1

interfaced to a data-seeking program module.

1.3. The Tasks Performed by NESTOR

NESTOR provides the physician-user with five basic commands: )

1. Accept a Set of Findings F
, The findings can be multivalued.

]
e e

2. Accept a Diagnostic Hypothesis H
The hypothesis may contain multiple diseases.

3. Generate the Best N Hypotheses i
The program finds the best N hypotheses that account for the current set of
findings, where the value of N is specified by the user. The user is given the

, ability to tailor the hypothesis generation process. For example, the user can

specify particular diseases to be included or excluded from every hypothesis.

4. Critique an Hypothesis H
H may be either a user supplied or a system generated hypothesis. The result is
an explanation of how well H accounts for each of the current findings.

ala o g

5. Compare Hypotheses H; and H, 1
This performs a comparative explanation of how well H, and H, account for the :
current set of findings. The pair of hypotheses can be a computer hypothesis vs.
a computer hypothesis, a user hypothesis vs. a user hypothesis, or a user 1

L4 hypothesis vs. a computer hypothesis.

Py

These commands allow the user to control the interaction rather than the program. A
computer-based medical decision making aid in which the user has control will be called a
L medical decision support system (MDSS). In the next section the MDSS approach will be . 4

contrasted to previous interactive approaches.

...................................................
................................................................................
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1.4. NESTOR as a Medical Decision Support System

1.4.1. The Concept of a Medical Decision Support System

The ability of the user to control the decision making focus of the computer
distinguishes an MDSS from most previous medical consultation systems (MCS) [Johnson
79]. An MCS typically constrains users to follow its problem solving focus by answering
questions. In an MCS users may be allowed to request justifications for what the program
has done, but seldom are they allowed to redirect the program's problem solving focus. In
contrast, in an MDSS users have a high degree of control over the program. For example,
hypotheses can be deleted from the differential diagnostic list being pursued, while others
are added. The program can be instructed to analyze a specific diagnostic hypothesis at one
point, then later instructed to suggest what it considers to be the most probable hypothesis.
The important point is that an MDSS ideally gives the users as much control of the problem
solving process as they desire. Because an MCS is an MDSS with minimal user control, an
MDSS should be capable of performing as an MCS. Thus, the user may request that the
MDSS operate in "system-ihnitialed-dialogue-mode" for a period of time, in which case it
would behave like an MCS.

One important reason for using the MDSS approach to CAMDM s that it is more
responsive to the user's problem-solving focus than an MCS system; the program will do
what the user wants, rather than control the interaction. In general, this added flexibility
should improve user-acceptance. There is another important reason for using an MDSS.
Individual physicians still know much more medicine and have more common sense than
any computer program. This will remain true for some time. Additionally, physicians are
human beings and can understand the human side of patient care. Computers, as we know
them today, may never achieve this insight. So, the physician's insight is critical to the
decision making process. Man has some strengths, the computer has others. An MDSS

approach is designed to maximize the decision making symbiosis of the two.
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1.4.2. The Historical Progression Toward Medical Decision Support

Systems

The concept of an MDSS has progressively evolved over the last two decades. In the
1960's most CAMDM programs were limited to receiving patient data and retumning a
diagnostic label. The user had virtually no control of the interaction. In the 1970’s this began
to change. Research in developing decision support systems (DSSs) for business decision
making began to increase [Keen 78]. A major advance toward MDSSs came when Shortliffe
emphasized with MYCIN the importance of rule-based explanation in CAMDM [Shortliffe
74, Shortliffe 76]). Although users could not significantly direct the probiem solving focus,
they could at least cartry on a dialogue with the program in order io understand its
reasoning. A few years later Davis extended this line of explanation research [Davis 76). His
TEIRESIAS program aided users in augmenting or modifying its medical inference rules.
This permitted alteration of the problem solving behavior of the program, but only after

incorrect behavior was noted.

More recently, several programs have been developed that increase user control of the
interaction. One deals with therapy selection for MYCIN [Clancey 78). It can recommend a
"best” therapy or successively "next best” therapies on demarid. However, its most
impressive MDSS feature is that the user can suggest a therapy and the program will
critique it. Another program called ATTENDING [Miller 83] accepts as input a
preoperative therapy plan, the patient’'s problems, and the planned surgical procedure. It
then uses an augmented transition network representation in comparing the user plan to its
own in order return a critique of the user plan. Along similar lines, a program developed by
Langlotz [Langlotz 83] is able to critique a physician's oncology therapy plan for significant
deviations from its own ruled-based recommendation. Unlike Clancey and Miller's
programs, it can be directed to limit its critique to subparts of the plan. From a DSS
standpoint, the greatest difference between NESTOR and the above three programs is that
it deals with diagnosis and not therapy. Thus, an hypothesis about the present patient state
is being critiqued rather than a plan for achieving some future patient state. Also, unlike the
other three, NESTOR deals with causal and probabilistic knowledge in its assessment and

critiquing procedures.
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B I am unaware of any diagnostic programs (as opposed to patient management
programs) other than NESTOR that employ significant MDSS features. NESTOR can be
viewed as one module of a total MDSS. Since diagnosis is a critical component of medical
decision making and hypothesis evaluation is a critical component of diagnosis, it follows

' that important gains in MDSS research can be made by studying its application to

computer-based hypothesis evaluation. The five user commands in the Section 1.3

summarized the basic MDSS capabilities of NESTOR. This is only a beginning; no claim is

made that NESTOR contains all the MDSS features desired in a diagnostic program.

Undoubtedly, future research will develop many improvements to both NESTOR's MDSS

| 59

features and to the underlying diagnostic techniques that support those features. This
research is viewed simply as one step in the study and development of computer-aided

medical decision making.

In order to provide such a high level, interactive aid, specific technical problems had to
be addressed. The next section will discuss the problems addressed and the techniques that

i were used to address them.

1.5. An Overview of NESTOR'’s Diagnostic Methods

‘ NESTOR can be viewed as three primary program modules that are coordinated by a
user interface module to provide the five user commands discussed Section 1.3. The three

modules perform the following tasks:

1. hypothesis scoring
2. hypothesis searching ]

3. explanation Ei

In this section each of the modules will first be discussed in terms of previous approaches 1
and the problems with those approaches, then in terms of NESTOR's approach. Most of ‘
the systems discussed in this chapter are Bayesian programs [Miller 77, Warmer 61, Wagner
78, Leaper 72, deDombal 74] and the artificial intelligence (Al) programs2 CASNET [Weiss

2W'msmn provides a good introduction (o artificial intelligence [Winston 84}
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78). INTERNIST [Pople 75, Pople 77, Pople 82]. MYCIN [Shortliffe 76, Buchanan 84], and
PIP [Pauker 76].3 These systems are well known and exemplify the most salient features of
previous work in CAMDM. Other research that is more specific to each module will be

reviewed in later chapters.

1.5.1. Scoring an Hypothesis

Figure 1-2 shows that the ability to score an hypothesis is central to being able to rank
order a set of hy'potheses.4 Generally, the score is represented as a number such that the
higher the number the more probable the hypothesis. Accurately scoring hypotheses is a
difficult task and this topic has stimulated much previous research [Szolovits8la]
[Shortliffe79] as well as the majority of the research effort in developing NESTOR.

1.5.1.1. Previous Approaches

Bayesian Programs
The application of Bayes' formula to medical decision making has been used extensively in
the last 25 years. Figure 1-3 shows the formula, where F is a set of findings and H; is an
hypothesis from among N possible hypotheses. One of the primary advantages of this
method is that it is formal. In general there are several benefits that result from using a

scoring procedure based on formal probability theory:

1. Probability as a field of mathematics is well developed. This aids in designing
scoring methods, in understanding how they relate to previous reseacch, and in
communicating them to other researchers.

2. Any assumptions made during the scoring of an hypothesis can be
unambiguously expressed. This may aid the user in interpreting the resulting
score. It may also help the designer of the scoring algorithm to determine which
assumptions to make in designing the program.

3Szolc:v‘ns and Pauker provide a gnod general discussion of these four Al programs and Bayesian programs
{Szolovits 78].

4Cohen has recently expenmented with categorical methods for rank ordering hypotheses {Cohen 83). but the
generality of this approach is not known  Guven the highly probabilistic nature of knowledge in medicine it
seems unlikely that purely categorical metheds will he adequate for general medical diagnosis, and therefore
some means of scoring hypotheses aill stll be necded

......
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Hypotheses Hypotheses
Score Sort Hypotheses
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Figure 1-2: The Subtask of Scoring an Hypothesis
3. It is possible to utilize available statistical data directly.
4. It is possible to interface the hypothesis score (a probability) directly with other
decision making procedures such as decision analysis programs {Schwartz g
73, Weinstein 80]. '___-I
Thus, there is a great attraction to using a formal system. ° '. 1
)
Implementations of Bayes’ formula yield formal systems that provide a means of using -
the more readily available sensitivity probabilities (i.e.. P(F | Hi)) rather than posterior
probabilities (i.e. P(H‘ | F)). However, they almost invariably make the following two K )
assumptions [Szolovits78): s ]
R
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L‘V’, P(F | Hy) x P(Hy) + P(F | not Hy) x P(not H,)
h ' P(F | Hy) x P(Hy)

T P(F | Hy) x P(H))

£ "
*

Figure 1-3: Bayes’ Formula

1. The conditional probabilities of a finding given an diagnostic hypothesis are
independent. This means that P(F | H) which is used in both the numerator and
denominator of the last term in Figure 1-3 is approximated by
P(f, IH)x ... x P(f | H), where f., ..., fm are the findings in the set F.

2. A diagnosis consists of a single disease from among a given set of diseases, which
are exhaustive and mutually exclusive. This is the assumption that the patient’s
clinical condition corresponds to one and only one disease from among a given
set of diseases.

The problem with these assumptions is that often they are not valid. The first one is
particularly questionable. Norusis implemented a system to diagnose cardiovascular
diseases and found that assuming conditional independence caused a substantial increase in
the misclassification rate [Norusis 75]. On the other hand, deDombal has developed a
program that assumes conditional independence in diagnosing abdominal pain; in one
study it was 91.5% accurate and actually performed better than senior staff physicians
[deDombal 74]. One possible explanation for this discrepancy is that different domains
differ in the degree to which findings are independent. At any rate, what seems clear is that
independence can not be relicd upon to yield accurate diagnoses across all fields of

medicine under all possible conditions.

The second assumption is also often not valid, particularly in complex cases in which
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k multiple disease diagnoses are likely. It is just these complex situations in which a physician v j

is most likely to seek a consultation.

TR I
UL POPT I

j"‘ Another weakness of most Bayesian programs is that they do not represent the
imprecision of their scores. Instead, a single precise number is generated with no indication .

{ of its confidence limits. Thus, it is difficult to determine how to use the number.

In summary, most Bayesian programs have the advantage of a foundation in formal
probability theory, but suffer from at least two flaws. First, the assumptions they make are ! }

often invalid. Second, they lack a measure of the imprecision of their scores.

Al Programs
A major difference between Al and Bayesian programs is that Al programs use a greater

diversity of knowledge types that are more highly structured than a set of probabilities. _,m_*

Also, the types of knowledge are more often symbolic rather than numeric. The knowledge ! ‘
types may be either static, meaning the knowledge structures exist before any case is o]

Jiagnosed, or dynamically created in the course of diagnosing a case. MYCIN for example
structures its knowledge base by dynamically constructing a tree of rule invocations within a < .}-4
particular problem solving context. CASNET uses a causal graph to structure much of its
knowledge-base. INTERNIST statically structures its diseases using an abstraction
hierarchy, and also uses an algorithm to dynamically structure its differential diagnosis. P[P
contains many types of links between diseases such as caused-by. associated-with, and )
is-on-the-differential-diagnosis-of. It also contains triggers which are used to invoke

hypotheses. These links are used to structure the static knowledge base and to construct the

differential diagnosis. A great deal of the power of these Al programs appears to lie in their

more sophisticated knowledge representations (knowledge structures); their explicit ' 1
representation of domain semantics constitutes one of their major methodological - B
advantages over purely statistical systems. R

A limitation of each of the four Al programs above is that they assume some degree of
independence of the findings. However, unlike Bayesian programs, their independence
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assumptions are usually more localized. as for example when CASNET assumes ,
independence of effect nodes given their direct cause nodes. In general, local independence
assumptions lead to less inaccuracy than global ones. Nevertheless, they are assumptions

which may cause scoring errors.

A limitation shared by the Al and Bayesian approaches is that they represent the final
score of a diagnostic hypothesis with a single number, thus giving no indication of the

imprecision of the score.

Finally, perhaps the major disadvantage of these Al programs is that they all use an ad
hoc scoring scheme. The strengths listed previously in describing a formal scoring system
(see page 10) are precisely the weaknesses of the well-known Al programs. Of particular
concern is the extensibility of the domain specific methods developed in each of the
programs. All four programs have been shown to function well for the domain in which

they were constructed and refined, but little is known about their extensibility to a broad

range of medical domains. Of the four, INTERNIST yields the most useful insight into this e
question, because it already contains a large body of medical knowledge and the type of :

errors in its performance (and their causes) have been formally evaluated.

INTERNIST diagnoses diseases in internal medicine. Miller conducted a formal -

evaluation of the program in 1981 {Miller 82] and at that time it contained over 500 diseases.
3500 findings, and a total of about 70,000 conditional probabilities. The evaluation was
based on 19 cases from the clinicopathological cases published in the New England Journal
of Medicine. The accuracy of diagnosis was 58% for INTERNIST, 65% for the hospital
clinicians, and 81% for the case discussants.” A detailed analysis was then performed to
determine the origin of the program'’s errors, and it showed that 35% of them were due to
correctable errors in the knowledge-base whereas 65% were due to faults in the design of the
diagnostic program. These latter errors could be explained by the following five types of
fault:

[j . SFor the purposes of the accuracy rating heing used a correct diagnosis is considered one in which the correct
disease is either stated or appears at the top of an unresolved differential hist.
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1. 4 Lack of Causal Knowledge -
INTERNIST was not able to distinguish findings which were predisposing ,
factors to a disease from findings caused by the disease. It was also not able to "
account for the pathophysiological dependencies between findings, and so it
treated them as independent. o
2. A Lack of Multiple Disease Hypotheses
5 Although INTERNIST can diagnosis multiple disease problems, it does this in a
stepwise fashion by successively including in the hypothesis set the next "best”
. remaining disease on the differential until all findings are accounted for. It does
not construct a multiple disease hypothesis and then score it.
b
3. A Weak Representation of the Severity of Findings
This is due to being unable to represent multivalued variables. All INTERNIST )
variables are binary.
4. No Representation of Temporal Knowledge
There is no general way in which the time at which findings occurred can be :
easily represented. -

S. No Representation of Anatomical Knowledge
There is no general way in which the location of a patient’s symptoms and signs
can be easily represented, or that a diagnosis can include the location of a o
particular disease process. T

Summary
Combining the strengths of the Bayesian and Al approaches while avoiding the specific
weaknesses discovered in the INTERNIST program suggests that a scoring methodology

should have at least the following features:

1. A formal probabilistic foundation
2. A representation of the imprecision of a score -

3. A rich structuring of knowledge. in particular the use of causal knowledge when
available

4. The ability to score mulitiple disease hypotheses

t
-
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5. The ability to represent and reason with severity knowledge
6. The ability to represent and reason with temporal knowledge

7. The ability to represent and reason with anatomical knowledge

NESTOR addresses the first five of these seven concerns. The techniques it uses to do

this will be discussed in the next section.

1.5.1.2. NESTOR’s Approach

Using a Formal Probabilistic System

NESTOR is a formal probabilistic system. This means that the score assigned to an
hypothesis is a formal probability. In most previous probabilistic systems the assigned socore
is the posterior probability of the hypothesis H given the set of findings F, that is P(H | F).
However, NESTOR scores hypotheses by determining P(F & H). This simply expresses the
probability of the findings and the hypothesis co-occurring. Chapter 4 contains a proof
showing that this scoring metric is computationally much easier to derive than P(H | F), and

that it is sufficient to rank order a set of hypotheses.

Since P(F & H) = P(F | H) x P(H), the computation of P(F & H) may be subdivided
into determining P(F | H) and determining P(H). Figure 1-4 shows how the hypothesis
scoring subgoal can be divided into these two tasks. These are the same type of probabilities
that are used in the application of Bayes' formula. In fact, the utility of Bayes' formula is

due to the availability of these probabilities (sensitivity and prevalence information) as

opposed to posterior probabilities. Conditional probabilities in medicine are largely
available as sensitivities rather than posterior probabilities. Thus, the literature is more
likely to have data in the form of P(F | H) than the form P(H | F). Additionally, physicians
are more comfortable relating subjective estimates of P(F | H) than of P(H | F). In a like

manner, P(H) is commonly either available in the literature or can be estimated by a

physician.

The computation of P(F | H) is unques