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ABSTRACT

This paper Introduces a new frame—based model
of diagnostic reasoning which 1a based on a
generalization of the classic set coverlng problem
"in mathematics. " The model directly handles
multiple simultaneous disorders, It can be
formalized, it 1s intuitively plausible, 1t
provides an approach to partial matching, and it
is justifiable in terms of past empirical studies
_of human diagnostic reasoning. We are using this
model as an inference method in diagnostic expert
gystems, and contrasc . it with the Inference
methods used in prevlious similar systems.

DPIACNOSTIC PROBLEM SOLVING

A diagnostic problem is a problem where one
is glven a set of abnormal findings
(manifestations) for some system, and must explain
why those findings are present, Diagnostic
problems are common, occurring in medicine,
software debugging, automotive repair, electroaic
etireult fault localizatiom, etc. Search methods,
astatlistical pattern classification, and rule-based
deduction face sfgnificant 1limitacions when
applied to such problems {Reggla, 1982].

Recently a varlety of inference mathods which
model the hypothesize—and-test process involved in
human dlagnostic reasoning have been proposed,
especially In medicine (e.g., [Atkins, 1980;
Mittal et al, 1979; Pauker, 1976; Miller et al,
1982; Pople, 1977; Patil et al, 1981]). While
these models have produced impressive performance
at times, they currently face a number of
limitations when applied to real-world problems
[Reggia, 1982]. For example, problems vwhere
multiple disorders are present simultaneously have
proven very difficult to handle [Pople, 1977]. In
additfon, AI models of diagnostic reasoning are
often eriticized as being “ad hoc" by individuals
outside  of AL because of the absence of a formal,
domain-independent theoretical foundation (e.ge«,
[Ben-Bassat et al, 19801).
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This paper introduces a new descciption-based
(Frame-based) model of diagnostic reasoning which
Is founded on a generalizatfon of the set covering
problem. This model, which we call the

"generalized set covering" or GSC model, is of

interest for several reasons. It directly
addresses the problem of multiple simultaneous
disorders, it provides a basis for a formal theory
of diagnostic inference, and it provides an
approach to such 1ssues as partial match and
inference in the context of Incomplete problem
data. The GSC model 1is summarized here
informally, and further details and example
appiications are avallable in [Reggia, 1981;
Reggia et al, 1983], We have already used this
model to implement both medical and non-medical
expert systems, We view our work as an effort to
bring mathematical rigor to an area of AL where it
has previously been relatively lacking, and as an
attempt to create an abstraction of expert system

implementatfons in the sense that Nilsson has

recommended [Nilsson, 1980].

BASILAR MIGRAINE
[DESCRIPTION:
AGE = FROM 20 THRU 30 <P, 30 THRU 50 <L>,
50 THRU 1I0 <N>;
DIZZINESS
[TYPE = VERTIGO <H>, REST <L>;
. " COURSE = EPISODIC
[EPISODE DURATION = MINUTES <L>,
HOURS <H>, DAYS <L>],
ACUTE AND PERSISTENT];
"HEAD PAIN <A> )
[LOCATION = OCCIPITAL <H>, REST <L>1;
NEUROLOGICAL SYMPTOMS =
TINNITUS <>,
DIPLOPTA [DURATION =
TRANSIENT DURING DIZZINESS <a>],
SYNCOPE;
NEUROLOGICAL EXAM FINDINGS =
HOMONYMOUS FIELD CUT
[DURATION = TRANSIENT  DURING
DIZZINESS], :
CNS FINDINGS _
" [TYPE = WON-SPECIFIC (H>, REST <L>;
DURATION = TRANSLENT DURING
DIZZINESS] 1

Figure 1: A DESCRIPTION for BASILAR MIGRAINE.
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EKNOWLEDGE REPRESENTATION

The basic unit of associative knowledge used
by the GS5C model is the frame-iike DESCRIPTION.
For each possible causatlve disorder in the domain
of & knowledge base there 1s a corresponding
DESCRIPTION. Figure 1 1llustrates a DESCRIPTION
for the disorder BASTILAR MIGRAINE from the
knowledge base of a diagnostic expert system
dealing with the problem of dizziness [Reggila,
1982]. Letters in angular brackets represent
subjective Indications of frequency (A = always, H
= high, ¥ = medium, L = low, N = never).

Figure 1 means:

"Basilar migraine wusually occursg in iIndividuals
from 20 to 30 years old, but many occur up to age
50. 1If a person is over 50, basilar migraine can
be categorically discarded as a possible
etioclogical factor, Basilar migraine causes

"dizziress which 1s usually of a vertiginous nature

and occurs elither in an epilsodic or an acute and
persistent fashion. When epilgodic, the dizziness
usually lasts for hours but may last for minutes
or days. Readache, wsually in an oceipital
location, 1s always present, Neurclogical
symptoms caucsed by basilar migraine are . . .".'

In the current dizziness knowledge base there are
50 disorders like basilar migraine. The key point
is that each disorder has an associated
DESCRIPTION that specifies, among other things,
all manifestatfons caused by the disocder.

GENERALIZED SET COVERING AS A MDDEL
OF DIAGNOSTIC INFERENCE

The GSC model provides a useful method for
making diagnostic inferences from DESCRIPTIONs
without the use of production rules, 1In the GSC
model the underlying knowledge for a diagnostic
problem is viewed as plctured in Figure 2a. There
are two disjoint finite sets which define the
scope of diagnostic problems: D, representing all
possible disorders d; that can occur, and M,
representing all possible manifestations m; that
may occur vwhen one or more disorderi are
present. For example, In medicine, D might
cepresent all known diseases (or some relevant
subset of all diseases), and M would then
represent all possible symptoms, examination
findings, and abnormal laboratory results that can
be caused by diseases in D.

To capture the intuitive notion of causation,
we assume knowledge of a relation Cc D x M, where
<d,, mi> € C represents "d; can cause mj." Note

C does not Imply that m
necessarily odccurs when dy 1s present, bur only
that my may be caused by d;j. Given D, M, and C,
the following sets can be defined:

man{dy) = {my|<dy, my> & C} ¥ € D, and

causes(my) = {d;]<dy, mp> e €} ¥my € M.

- empty sets. We now turn to defi

———

a)
D
M
b)
C _°
——
Figure 2: Organfzation of diagnostie kno\rledg.

{(a) and problems (b).

—————

These sets are deplcted in Figure 2a, ang
represent all possible manifestations caused by
dy, and all possible disorders that causge "y,
respectively. These concepts are 1ntu1t1vefy
familiar to the human diagnostician. For example,
medical textbooks frequently have descriptions of
diseases which include, among other facts, the set
man(di) for each disease dy. As noted earlier,
the DESCRIPTION of BASILAR MIGRAINE in Figure 1
explicitly defined man(BASILAR MIGRAINE), In
addition, physicians often refer to the
"differential diagnosis"” of a symptom, which
corresponds to the set causes{m;). Clearly, if
man(di) 18 known for every disorder d¢, then the
causal relation C is completely determined. We
will use wan(D) = \J man(d;) to indicate all
diD
possible manifestations of a set of disorders b,
and causes(M) = U causes(mj) to Indicate all
meM

‘possible causes of any manifestatlion in M.

Finally, there s a distfngulshed set M' ¢ N
which represents those manifestations which are
known to be present {see Figure 2b). Whereas D,
M, and C are general knowledge about a class of
diagnostic problens, M represents the
manifestations occurring in a specific case.

Using this terminology, we define a
diagnostic problem P to be a 4-tuple <D,N,C,
where these components are as described above. We
assume that man(di) and causes{m;) are always. non-

ging a solution to
a diagnostic problem by first Introduclng the
concept of explanation. '

Definition: For any diagnostic problem P, E ¢ D

—_— e

is an explanation for M if
(1) M (E), or in words: E covers M';

€ man
and
(11) |E|] £ Ip| for any other cover D of MY,
i.e., E is minimal.

This definition captures what ome Intuitively
means by "explaining" the presence of "a set of
manifestations. Part (i) specifies the reasonable

-constralnt that a set of disorders E must be able
. tc_: cauvse all known manifestations M" In order to
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be considered an explanation for those
manifestations. Part (ii) specifies that E must
also be one of the smallest sets to do so,
reflecting the Principle of Parsimony or Ockham’s
Razor: the simplest explanation is the preferable
one. This principle is generally accepted as
valid by human diagnosticians. Here, we have
equated "simplicity" with minimal cardinality,
reflecting an underlying assumption that the
oecurrence of one diserder d; Is independent of
the occurrence of another.

An explanation 1is a pgeneralization of the
concept of a minimal ser cover [Edwards, 1962].

One difference from the traditional set cover:

problem in mathematics i{s that when MY £ M, man(E)
may be a superset of . This difference,
reflects the fact that sometimes when a disorder

i present not all of its manifestations occur.

With these concepts 1In mind, we can now

define the solution to a diagnostic problem P, -

ichocbeotofaiins =l

Sol(P) to be the set ‘of all
M*. Thus, solving a diagnostic
GS5C model involves a second
generalization of the traditional set covering
problem: we are Interested iIn finding all
explanations rather than a single minimal cover.

designated
explanations for

i .Example: let P = <D,M,C,M> where D =
Idl,dz,....dg}, M= {m,...mg}, and man{d;) are as

gspecified in Table 1. Note that Table 1
tmplicitly defines the relation G, becaus%_c = {

Kdygymgd | my € man{d;) for some dy}. Let M
. {ml T ’m5} . No

can cover
pairs of

single disorder
(account for) all of , but soue

- disorders do cover M. For instance, 1f D =

¢ man(D). Since there are no
of smaller cardinality than P, it
Careful

{d;,d7} then
covers for
follows that D is an explanation for Mt

- examination of Table 1 should convince the reader
.. that

Sot(P) = { {d| dy} {dy dg} {d; do} {dp dy}
{dy dgb {dp dg} {d3 "agh.” {d, dg} }

is the set of all explanaticms for Mt.

dq man(d;) dy man(dy)

dI ml m;, d6 I:I:Iz m3

dp m; my My dy my Mg

dj @y my dg mg m5 mg

dy my mg dg m; wg

d5 my My My
Table 1: Knowledge about a class of diagnostic

problems (C is implicitly defined by this table).

Rather than representing the solution to a
dlagnostic problem as an explicit Iist of all
possible explanations for M+, it 1s advantageous
to represent it as a colleetion of explanation
generators. A generator {5 analogous .to a

Cartesian set product, the difference being thar

the generator produces unocrdered sets rather than
ordered tuples. To 1llustrate this ldea, conslder
the example dlagnostic problem above. Two

" a third generalization  of

- additional manifestations will
- . discovered.
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_FOCUS: the tentative

genarators are

sufficient to
solution to that problem: {dl dy} x {d,

represent tha

dg dg} and {63 d&} x {dB}' The second
generator represents two explanations {d, dg} and
{d; da}, while the first generator represents the
other gix explanations in the solution.
Generators are usually a more compact form of the
explanations present in the solution, they are a
convenlent representation for developing
algorithms to process explanations sequentfally
(see below), aad they are cleoser te the way the
humar diagnosticlan organizes the possibilities
during problem solving (i.e., the "differential
diagnosis').

In adapting the CSC model for use in a real-
world expert system several lssues were addressed
and resolved. One of these issuea 1s the fact
that diagnostic problem solving is 1inherently
sequential in naturé. The human diagnostician
usually begins knowing only that one or a few
manifestations are present, and must actively seek
further Iinformation about others.

This sequential diagnostic process can be
captured in terms of the GSC model, and represents
the traditional aet
covering problem, The tentative hypothesis at any
polat during problem solving is definmed to be the
solution for those manifestations already knowu to
be present, assuming, perhaps falsely, that no
be subsequently
To construct and maintain a teantative
hypothesis 1like this, three data structures prove
useful:

the set of manifestations knowm to be

MANIFS:
present so far;
, §€0?£: causeé(MANIFS); the set of all diseases

dy for which at least one manifestation
i5 already known to be present; and

golution for Just those
manifestations already In MANIFS; FOCUS
1s  represented as a collection of

generators.

These data structures arce manipulated as follows:

{1} Get the next manifestation my.
(2) Retrleve causes(mj) from the knowledge base.

(3) MANIFS «— MANIFS v {my}.

(4) SCOPE <  SCOPE v causes(mj).

(5) Adjust FOCUS te accomodate my.

(6) Repeat this process until no
manifestations remain.

further

Thus, as each manlfestation m that is
present is discovered, MANIFS is updated simply by
adding m, to Iit. SCOPE is augmented to include
any possible causes dy of m which are not already
contained in ft. Finally,” FOCUS is adjusted to
accomodate m,; based partially on I1ntersecting
causes(m,) with the sets of disorderz in the
existing generators [Reggla et al, 1983]. These
latter operatlons are done such that any



explanation which can no longer account for the
augmented MANIFS (which now includes my) are
eliminated, Figure 3 illustrates this algorithm
with a "trace" based on the earlier example.

DISCUSSION

This paper has proposed the constructfon and

maintenance of generalized wminimal set covers
("explanations™) as a wmodel of diagnostic
reasoning and as a method for diagneostic expert
The GSC model is attractive for several
reasons: ie directly handles multiple
simultaneous disorders, it can be formalized, It
is intuitively pleusible, it provides an approach
to partial matching, and it is Justifiable in
terms of past empirical studies of diagnostic
reasoning (e.g., [Elstein et al, 1978; Kassiner et
“al, 1978]). To our knowledge the analogy between
the c¢lassic set covering problen
diagnostic reasoning has not previously been
examined in detail, although some related work has
been done (e.g., assignment of HLA specificities
to antisera, see Nau et al, 1978; Woodbury et al,
19791). As noted earlier, other aspects of the
GSC model relevant to expert systems, such as
question generatfon, termination ecriteria, ranking
of competing disorders, and problem decomposition
_ are discussed elsewhere [Reggla et al, 1983 and
19841,

systems.

The GSC model provides a useful context in
which to view past work on diagnostic expert
systems. In contrast to the GSC model, most
diagnostic expert systems that use hypothesize-
and-test Inference mechanisms or which mnight
reasonably be considered as models of diagnostic
reasoning. depend Theavily wupon the wuse of
production rules (e.g., [Afkins, 1980; Mittal et
al, 1979; Pauker et al, 1976]). These systems use
a hypothesis-driven  approach to guide the
_invocation of rules which in turn modify the
hypothesis. Rules have long been criticized as a
representation of diagnestic knowledge  [Reggia,
1982], and thelr Invocation to make deductions or
perform actions does not capture Iin a general
sense such iIntuitively attractive concepts as
coverage, minimality, or explanation.

and general.

competing disorders together.

Perhape the previous dlagnostic expert systep
whose Inference method is closest to the GSC mode)
is INTERNIST [Miller et al, 1982], INTERNIST
represents dilagnostic knowledge in a DESCRIPTION-
1ike fashion and does not rely on production ruleg
to gulde 1its hypothesize—and-test process. In
contrast to the GSC model, however, 1t uses g,
heuristic scoring procedure to guide the
construction and modification of its hypethesis,
This process is essentially "depth first,” unlike
the "breadth first" approach implied in the @S¢
model, INTERNIST first trles to estahlish one
disorder and then proceeds to establish othecs,
This roughly corresponds te constructing and
completing a single set in & generator in the G3C
model, and then later returning to construct the
additional sets for the generator. INTERNIST

of disorders in a generator) based on a simple but
clever heuristic: "Two diseases are competitors
if the items not explained by one disease are a
subset of the items not explained by the other;
otherwise, they are alternatives (and may possibly
coexist 1in the patient)." [Miller et al, 1982],
In the terms of the GSC model, this correspouds to
stating that d; and dy are competitors if M-
man(d;) contains or 1s contained in H+-man(d2).
While this simple heuristic often works iIn
constructing & differential diagnosis, we can
produce examples in the context of the G5C model
for which it will fafl _te correctly gzroup
INTERNIST mechanism is

that  the infereace

.dg, and d4 have been evoked where

*For example, suppose MV = {m;...mg} and only d,

Pﬁ- A man{d;) =
{mz my, m5 fg M7 ms]’, H+n mﬂn(dz) =
{mg m, mg mg my mgl, and N man(dy) =
{m; m» m3l. In the GSC model, Sol(P) =
{ 'y a5)  tdg

d3} } which can be represented
by the single generator {d; ds} =x {d3} where d,
and d, are grouped together as competitors.
Suppose that d; was ranked highest by the
INTERNIST heuristic scoring procedure.

Ln Then M'-
man{d;) = {m; m3} and M -man{dy) = {m; my}, so

INTERNIST would apparently fail to group d; and d,

together as competitors.

i

¥

groups together competing disorders (i.e., a set

It 1g also unclear

Events in order

of thelr discovery MANIFS SCOPE FOCUS

Initifally 9 ) #

m; present (ml} {d; d; 44 4,4} . {dy dp dg d4}

my absent " Sow "

mq absent " ) " "

B3y present {ml m&} {dl d2 d3 d4 d5 ds} 4 {dl d2}

Mg present {ml my, m5} {dl dz d3 54 ds d7 da dg} {dl d2} b 4 {d7 d8 dg}
and

mg absent "

n n

" Flgure 3:

Sequential problem solving using the set covering model.




guaranteed to always find all possible
explanations for 2 set of manifestations.
Reportedly, the “depth first" approach used 1n
INTERNIST resulted in less than optimal
pecformance [Miller et al, 1982). Recent
enhancements 1n INTERNIST’s successor CADUCFUS

attempt to overcome some of these limitations
through the use of "constrictors™ to delineate the
top-level structure of a problem [Pople, 1977).
These changes are quite distinct from the approach
taken In the GSC model, but they do add a "breadth
First™ component to hypothesls comstruction.

We are currently developing the G5C model In
two ways: by studying lts application in medical
expect systems and by formally developing the
mathematical theory. Currently, we  have
implemented two medical diagnostic expert systems
based on the GSC model, one for dizziness {(a
difficult medical problem because of the many
possible causes)} and one for peroneal muscular
atcophy [Reggia, 1981; Reggia et al, 1983], while
the GSC model forms the central mechanism of these
expect systems, the baslc model was augmented In a
number of ways to make it more ugeful for real-~
world problem solving. For example, the “symbolic

probabilities" 1lluetrated in Figure 1 were
introduced and are wused to rank competing
explanations after the final FOCUS 1s
constructed. A heuristiec approach to question

generation and termination was adopted. When
tested on prototype cases these expert systems
functioned well, but modifications to the content
of the knowledge bases {not the GSC model) would
be necessary before more extensive evaluation 1n
practice using a series of real patients could be
done.

In parallel, we are developing the
mathematical basis of the GSC model [Reggia et al,
1984]), This has Involved defining a varlety of
operations on generators and expressing formal
algorithms in terms of those operations. We are
proving the correctunesse of the these algorithms
and have established criteria for decomposing
dlagnostic problems Into Independent subproblems
that are easier to solve, While the GSC model as
It currently exists does not address all aspects
of diagnostiec problem solving, it does appear to
provide a reasonable starting point from which to

formalize the wunderlying abductive inference
pProcess that is lnvelved.
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