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Abstract

This pap er describ es a successful approac h to concept learning for heuristic classi�cation.

Almost all curren t programs for this task create or use explicit, abstract generalizations.

These programs are largely ine�ectiv e for domains with w eak or in tractable theories. An

exemplar-based approac h is suitable for domains with inadequate theories but raises t w o

additional problems: determining similarit y and indexing exemplars. Our approac h extends

the exemplar-based approac h with solutions to these problems. An impleme n tation of our

approac h, called Protos, has b een applied to the domain of clinical audiology . After reason-

able training, Protos ac hiev ed a comp etence lev el equaling that of h uman exp erts and far

surpassing that of other mac hine learning programs. Additionally , an \ablation study" has

iden ti�ed the asp ects of Protos that are primarily resp onsible for its success.



1 In tro duction

This pap er describ es a successful approac h to the task of concept learning for heuristic

classi�cation. This task di�ers from the usual concept learning task in three w a ys. First,

classi�cations m ust b e explained, not simply rep orted. Second, a program for this task m ust

accommo date incomplete case descriptions. Third, the program m ust learn domain-sp eci�c

kno wledge for inferring case features needed for classi�cation. Section 2 summarizes this

learning and classi�cation task.

The traditional approac h to concept learning and classi�cation relies on generalizations.

It requires a strong domain theory b oth to summarize training cases with concept descrip-

tions and to classify new cases using these descriptions. Section 3 argues that this approac h

is ine�ectiv e for man y domains.

An alternativ e approac h relies on exemplars. Concepts are learned b y retaining exem-

plars, and new cases are classi�ed b y matc hing them with exemplars. Our learning and

classi�cation program, Protos, uses the exemplar-based approac h. Section 4 describ es Pro-

tos's design and its appropriateness for w eak-theory domains.

T o ev aluate the design, Protos w as applied to the task in clinical audiology of iden tifying

a patien t's hearing disorder from symptoms, test results, and history . An exp ert clinician

instructed Protos with 200 cases { a lev el of training comparable to that receiv ed b y studen t

clinicians. After this training, Protos's classi�cation accuracy w as compared with that of

clinicians and sev eral learning programs. Protos compared fa v orably with the b est clinician

and w as signi�can tly b etter than the other programs. Finally , an \ablation study" [14]

iden ti�ed the asp ects of Protos that are primarily resp onsible for its success. Section 5

describ es the ev aluation.

Section 6 summarizes the researc h. W e conclude that exemplar-based learning and classi-

�cation is appropriate and e�ectiv e for domains lac king a strong domain theory . Our curren t

researc h fo cuses on shortcomings of Protos that b ecame eviden t in these studies.

2 The T ask: Concept Learning for Classi�cation and

Explanation

Our researc h addresses the task of impro ving comp etence at classi�cation and explanation,

starting at a lev el of utter incomp etence and aiming for a lev el of exp ert comp etence. Im-

pro v emen t results from learning concepts and acquiring kno wledge from cases whic h are

classi�ed and explained b y a h uman exp ert. This section sp eci�es this task in detail b y

de�ning classi�cation, explanation, and kno wledge acquisition, and b y giving measures of

comp etence for eac h. Figure 1 illustrates this task with a mo destly abridged v ersion of an

actual dialogue b et w een Protos and a domain exp ert (Section 4.4 is a detailed description of

this scenario).
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Exp ert: N ew C ase has the features : : :

Protos: N ew C ase 's classi�cation app ears to b e age-induc e d c o chle ar

with otitis-me dia b ecause of its similarit y with P atient 163;

some of the features of the cases are iden tical.

Exp ert: W rong diagnosis.

Protos: N ew C ase is missing some of the features of P atient 163 whic h

I though t w ere unimp ortan t. Are an y of b one(mild),

ac oustic r ef u(absent),... more imp ortan t than I though t?

Exp ert: Y es. A c oustic r ef u(absent) is v ery imp ortan t for mem b ership

in the category age-induc e d c o chle ar with otitis-me dia .

Protos: I'll remem b er that. No w N ew C ase 's classi�cation app ears to b e

age and noise-induc e d c o chle ar b ecause of its similarit y

with P atient 054; most of the features matc h directly , and the

sp e e ch feature is matc hed using the kno wledge:

IF the category is age and noise-induc e d c o chle ar

THEN sp e e ch(p o or) is usually equiv alen t to sp e e ch(very p o or) .

Exp ert: The category and explanation are correct.

Protos: There are t w o w eak p oin ts in the explanation I'd lik e to

clear up. First, the feature b one(abnormal) is imp ortan t in

P atient 054, but is not presen t in N ew C ase .

Exp ert: Bone(abnormal) is sometimes equiv alen t to b one(unme asur e d) ,

whic h is presen t in N ew C ase .

Protos: OK. The other w eak p oin t is that feature s neur al(sever e,1k)

is imp ortan t in P atient 054, but is not presen t in N ew C ase .

Exp ert: Y es, that is a gen uine di�erence b et w een the t w o cases.

Protos: Then I'll retain N ew C ase as a separate exemplar of this category .

Is there an ything else I should kno w ab out this case?

Exp ert: Y es, ac oustic r ef c(elevate d) is spurious to age and

noise-induc e d c o chle ar ; : : :

Figure 1: An Abridged Dialogue b et w een Protos and a Domain Exp ert in Clinical

Audiology . The exp ert presen ts a new case to Protos. Protos classi�es the case b y matc hing

it with similar exemplars, and explains eac h classi�cation b y presen ting the matc h. Protos

acquires kno wledge from the exp ert to impro v e the correct matc h, and retains the case as a

new exemplar.
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2.1 Classi�cation

Classi�cation

2

is assigning a giv en input, called a case , to one of the categories in a pre-

en umerated list. Comp etence at classi�cation is de�ned in terms of accuracy and e�ciency .

A case is describ ed b y a collection of features. Ho w ev er, case descriptions di�er in t w o

signi�can t w a ys from the feature-v ector descriptions common in mac hine learning. First, a

case description ma y b e incomplete, in the sense that it do es not include some of the features

presen t in other case descriptions. Second, the features with whic h cases are describ ed

ma y not directly indicate category mem b ership. Instead, inference using domain-sp eci�c

kno wledge ma y b e necessary to determine category mem b ership from a case description. F or

example, supp ose a case is a con�guration of pieces on a c hessb oard, describ ed in terms

of pieces and their p ositions, and the categories are win-for-white-in-9- ply and no-win-for-

white-in-9-ply . There is no kno wn w a y to determine mem b ership in these categories directly

from a case description, but it can b e determined using kno wledge-based inference, suc h as

an exhaustiv e 9-ply lo ok-ahead based on the kno wledge of the rules of c hess.

The \heuristic classi�cation metho d" describ ed b y Clancey [11 ] is tailored to domains in

whic h cases are describ ed with features that do not directly indicate category mem b ership.

It explicitly includes \the imp ortan t t wist of relating concepts in di�eren t classi�cation hier-

arc hies b y nonhierarc hical, uncertain inferences"[11, p. 290]. Protos's classi�cation metho d,

although it di�ers from Clancey's, is also appropriate for domains requiring this t wist (see

Section 3).

2.2 Explanation

In this pap er, classi�cation is com bined with explanation: an input case m ust b e classi�ed

and the classi�cation m ust b e explained. Explanation , in the broadest sense, includes a

v ariet y of inference metho ds for reasoning, learning, and comm uni cating [59]. Ho w ev er, w e

ha v e adopted a simpli�ed notion of explanation in order to concen trate on other asp ects of

the task. The main simplifying assumptions, similar to those made in �rst-generation exp ert

systems, are as follo ws.

First, explanations are used for only t w o purp oses: to justify classifying a case in a

particular w a y and to establish the degree of similarit y of t w o cases. Explanations are not

used to teac h domain kno wledge or to elab orate previous explanations (see [10, 38 ] for recen t

researc h on these tasks).

Second, explanations are all of the same form: domain-sp eci�c terms ( e.g., features,

feature-v alues, categories) are related to one another in domain-indep enden t w a ys ( e.g.,

\ b one(abnormal) is sometime s equiv alen t to b one(unme asur e d) ", in Figure 1.)

Third, explaining the classi�cation of a case only requires men tioning the evidence sup-

p orting the classi�cation. It is not necessary to men tion evidence against the classi�cation or

evidence p ertaining to other p ossible classi�cations. F or example, to explain ho w a particu-
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lar conclusion w as reac hed, Mycin [53] lists only the satis�ed rules leading to the conclusion;

it do es not list the rules leading, with less con�dence, to di�eren t conclusions.

Finally , an explanation can b e constructed b y a simple transformation of the inferen tial

path that leads to a classi�cation. The transformation ma y in v olv e suppressing certain

details and rephrasing or reorganizing the remaining details, but it do es not in v olv e complex

pro cesses suc h as natural language generation or adaptation to a mo del of the p erson to

whom explanations are targeted.

In our study , comp etence at explanation is de�ned in terms of the qualit y of the expla-

nation, as assessed b y a h uman exp ert.

2.3 Kno wledge Acquisition

Kno wledge acquisition is the elicitation of kno wledge from a h uman exp ert and the in-

corp oration of this kno wledge in to an existing b o dy of kno wledge. In the presen t task,

kno wledge is elicited in the form of training cases whic h are classi�ed and explained b y

the exp ert.

Kno wledge acquisition is mixed initiativ e. The program ma y request particular kno wledge

from the exp ert, or the exp ert ma y tak e the initiativ e and v olun teer kno wledge. The kno wl-

edge pro vided b y the exp ert and the explanations pro duced b y the program are expressed

in the same language. New v o cabulary ( i.e., categories and features) can b e in tro duced b y

the exp ert at an y time.

Comp etence at kno wledge acquisition is de�ned in terms of t w o factors. The �rst is the

comp etence at classi�cation and explanation attained after a realistic amoun t of training.

The second factor is the degree to whic h the kno wledge acquisition program gains autonom y

as the kno wledge base dev elops. Autonom y ma y b e measured b y the n um b er and nature of

program-issued requests for kno wledge. F or example, a program exhibits lo w autonom y if it

asks questions of the exp ert that it could answ er b y consulting the existing kno wledge base.

A program's abilit y to gain autonom y is imp ortan t b ecause greater autonom y is required

in the later stages of kno wledge base dev elopmen t than in the early stages. Most existing

concept learning and kno wledge acquisition programs do not gain autonom y , and so are

appropriate for only a single stage of a kno wledge base's dev elopmen t [4]. F or example, ETS

[7] and R OGET [6] create a kno wledge base b y eliciting the basic terminology and conceptual

structure of a domain. Ho w ev er, they are inappropriate for later stages of dev elopmen t suc h

as re�nemen t and reform ulation. A full discussion of this issue and a surv ey of existing

programs, including Protos, is giv en in [5].
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3 W eaknesses of Generalization-Based Metho ds for Learn-

ing and Classi�cation

Almost all programs that learn to classify are generalization-based, in the sense that they

create or use explicit, abstract generalizations. Generalization-based programs are either

simple or theory-based , dep ending on whether the language with whic h cases are describ ed

(called the case language ) and the language with whic h generalizations are expressed (called

the generalization language ) are closely related or en tirely di�eren t. Examples of simple

programs are ID3 [44], CN2 [13 ], and connectionist programs ( e.g., [49 ]). Examples of

theory-based programs are explanation-based programs ( e.g., [16, 36 ]) and similarit y-based

programs that use bac kground kno wledge ( e.g., [37, 35 , 26 , 21 ]). Both t yp es of generalization-

based programs ha v e b een applied successfully .

A case language usually consists of in trinsic, readily p erceiv able features. Suc h features

are called sup er�cial . An in trinsic feature of a case is one that is de�ned without reference

to the case's con text, e.g., the role of the case in a particular task, or the situation in

whic h the case o ccurs. F or example, with in trinsic features, a desk w ould b e describ ed

as an arrangemen t of structural parts ( e.g., dra w ers, legs, top) with ph ysical prop erties

(w eigh t, size, strength). With nonin trinsic features it migh t b e describ ed as an arrangemen t

of functional parts ( e.g., w ork surface, storage areas) with use-related prop erties ( e.g., ample,

ergonomic, easy to clean). F eatures that are not sup er�cial are called abstract .

Simple programs for learning and classi�cation are applicable when sup er�cial features

su�ce to de�ne the generalizations of in terest. F or example, in a sim ulated blo c ks w orld, the

sup er�cial features shap e, size, c olor , and r elative p osition su�ce to de�ne generalizations

suc h as ar ch, stack , and lar ge, r e d blo ck .

In most domains, sup er�cial features do not su�ce to de�ne generalizations. Gener-

alizations suc h as cup [61] and hammer [15 ] are de�ned in terms of function, not form.

Categories suc h as infe cte d by pseudomonas [53] and se e d less gr ap e [2] are generalizations

de�ned in terms that are not readily p erceiv able in the con text of classi�cation.

When abstract features are required to de�ne generalizations, a gap exists b et w een the

case language and the generalization language. This gap ma y b e bridged in t w o w a ys.

The �rst is to prepro cess the case descriptions to add the required abstract features. It is

usually necessary for h uman exp erts to do the prepro cessing, b ecause ev aluating the abstract

terms ( e.g., \abnormal") requires exp ert judgemen t. In this w a y , simple programs can b e

used in domains in whic h the relationship b et w een abstract and sup er�cial features is not

w ell understo o d. The second w a y to bridge the language gap is to construct a domain

theory describing the relationships b et w een terms in the t w o languages and use theory-

based programs. Note that theory-based programs pro vide no assistance in the di�cult task

of constructing a domain theory .

Theory-based programs are applicable only if the domain theory is b oth tractable and

strong. A tractable domain theory is one in whic h the de�nitions of all terms can b e
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computed e�cien tly from sup er�cial features. The strength of a domain theory dep ends on

the certain t y asso ciated with the relationships b et w een terms. The strongest theories, called

p erfect , consist en tirely of relationships of p erfect certain t y , suc h as standard logical and

taxonomic relationships. The w eak est theories consist of correlational relationships, suc h as

\X and Y often co-o ccur."

V ery few domains ha v e the tractable, p erfect domain theories required b y curren t theory-

based programs. Indeed, few domains ha v e p erfect domain theories, tractable or otherwise.

Legal reasoning, for example, almost alw a ys in v olv es op en-textured concepts, i.e., concepts

ha ving only a w eak domain theory [22 , 23 ]. The fact that man y �elds of diagnostic exp ertise

lac k a p erfect domain theory is indicated b y the widespread use of certain t y factors in exp ert

systems. When a p erfect domain theory do es exist, it is often in tractable. F or example, the

rules of c hess constitute a p erfect, but in tractable, theory of \winning p osition." Ev en for

c hess endgames in v olving v ery few pieces and analyzed extensiv ely in textb o oks, the rules

constitute an in tractable theory , and the existing tractable theories are far from p erfect [52].

The dev elop ers of theory-based programs ha v e ac kno wledged this sev ere limitation [36],

and ha v e recen tly b egun trying to adapt their programs to w ork with w eak theories. W e

an ticipate that generalization-based programs will not adapt w ell to w eak theories.

With a w eak theory , the most reliable and e�cien tly found c hains of inference are those

that are short and in v olv e individual steps of lo w uncertain t y . Chains of inference bridging

the language gap, whic h are necessary whenev er a generalization is created or used, are usu-

ally long and in v olv e steps of high uncertain t y . Consequen tly , generalization-based programs,

when used with a w eak theory , can b e exp ected to b e unreliable and ine�cien t.

By con trast, c hains of inference consisting en tirely of direct matc hes b et w een features are

short and reliable. F or example, a case can b e classi�ed with certain t y if it is iden tical to a

training case. The exemplar approac h to learning and classi�cation, describ ed in the next

section, attempts to ac hiev e reliabilit y and e�ciency b y maximiz ing the use of direct matc h.

T raining cases are recorded, and a case is classi�ed b y comparing it, feature b y feature, with

the training cases. Domain theory is used only for those features that ha v e no direct matc h.

The n um b er of suc h features, and therefore the use of domain theory , can b e minimi zed b y

retaining all training cases. Ho w ev er, this is only necessary when the domain theory is v ery

w eak. With a strong domain theory , v ery few training cases need to b e retained to ac hiev e

reliable, e�cien t inference.

In summary , generalization-based metho ds are not lik ely to p erform as w ell as exemplar-

based metho ds in domains with w eak theories. F urthermore, domains with w eak theories are

far more common, in practical applications, than domains with strong, tractable theories.

Other w eaknesses of generalization-based metho ds are giv en in [55 , 51 , 2, 12 , 62].
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Giv en:

a set of exemplar-based categories C = f c

1

; c

2

; : : : ; c

n

g

and a case ( NewCase ) to classify .

REPEA T

Classify:

Find an exemplar of c

j

2 C that Strongly Matc hes NewCase

and classify NewCase as c

j

.

Explain the classi�cation.

Learn:

If the exp ert disagrees with the classi�cation or explanation then

acquire classi�cation and explanation kno wledge and adjust C

so that NewCase is correctly classi�ed and explained.

UNTIL the exp ert appro v es the classi�cation and explanation.

Figure 2: Exemplar-Based Learning and Classi�cation Algorithm. The hard prob-

lems of the exemplar-based approac h are b o xed.

hi

Figure 3: A P ortion of the Exemplar-Based Category chair

4 Protos: The Exemplar-Based Alternativ e

This section describ es the design of Protos, an exemplar-based program for concept learning

and classi�cation. Simple exemplar-based programs, although supp orted b y psyc hological

studies, su�er from t w o fundamen tal problems: determining similarit y and indexing exem-

plars. Protos's design includes solutions to these t w o problems. The design principles are

in tro duced with simple, familiar examples and demonstrated with a large-scale application

of Protos to clinical audiology . Complete details of Protos are giv en in [3], and a Common

Lisp reconstruction, a v ailable for distribution, is do cumen ted in [19 ].

4.1 Simple Exemplar-Based Concept Learning and Classi�cation

Figure 2 describ es the exemplar-based approac h to concept learning and classi�cation

and iden ti�es the hard problems. Concepts are represen ted extensionally with a collection of

exemplars describ ed with features in the case language. F or example, the concept chair is

represen ted in Figure 3 b y t w o exemplars, chair1 , a metal c hair with a p edestal and wheels,
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and chair2 , a w o o den c hair with four legs. Classifying a new case in v olv es searc hing for

an exemplar that strongly matc hes the case. The simplest metho d is an exhaustiv e searc h

for a direct matc h. Explaining the classi�cation in v olv es sho wing the line of reasoning used

during matc h. The simplest explanation is a list of the common features of the case and

the exemplar. Learning from a case in v olv es adjusting the categories so that the case will

b e prop erly classi�ed and explained. The simplest adjustmen t adds the case to the correct

category as a new exemplar and ensures that it will b e found, should this case b e classi�ed

again.

In some theories of exemplar-based categories, including Protos's theory , abstract features

ma y b e de�ned b y exemplars, just as categories are. Determining whether suc h a feature

is presen t or absen t in a giv en case in v olv es matc hing the case with the exemplars of the

feature.

Psyc hological exp erimen ts, devised to distinguish b et w een the generalization-based ap-

proac h and the exemplar-based approac h, supp ort the exemplar-based approac h. As in

mac hine learning, early psyc hological researc h assumed that generalization w as automatic;

researc hers fo cused on what is abstracted and how generalization is p erformed, rather than

whether cases are generalized [32]. Recen t researc h indicates that p eople resist generalization

and retain cases. F or example, Medin[32] and Bro oks[9 ] found that p eople classify previously

seen cases b y direct matc hing. Tv ersky and Kahneman[57] found that p eople estimate the

frequency of a class or the probabilit y of an ev en t b y their abilit y to recall instances of the

class or ev en t. Holy oak and Glass [24] found that p eople reject false statemen ts b y recalling

category exemplars for whic h the statemen t is un true. F or a range of cognitiv e tasks, these

studies emphasize retaining, recalling, and matc hing category exemplars, rather than reason-

ing with category-wide abstractions. T o accoun t for this data, psyc hological theories prop ose

mo dels in v olving exemplar-based concept learning and classi�cation [46 , 33 , 34 , 55, 50 ].

The simple exemplar-based metho d uses no domain theory . Ho w ev er, domain theory is

indisp ensable for solving the hard problems indicated in Figure 2. F or example, determining

the strength of the matc h b et w een an exemplar and a case requires kno wing the basis for

category mem b ership. Murph y and Medin [39] argue that domain theory pro vides this basis

and adds coherence to a collection of otherwise dissimilar exemplars. The follo wing sections

describ e ho w Protos uses domain theory to determine the similarit y of a case and an exemplar

and to index exemplars.

4.2 Determining the Similari t y of a Case and an Exemplar

The simple exemplar-based metho d uses only direct matc h, and treats iden tically all un-

matc hed features. This giv es a v ery crude estimate of the qualit y of an imp erfect matc h

b et w een an exemplar and a new case. The problem of estimating the qualit y of an imp erfect

matc h is called the matc hing problem . T o solv e this problem Protos acquires and uses

matc hing kno wledge , a form of domain theory .

As illustrated in Figure 4, there are t w o t yp es of matc hing kno wledge. The �rst is
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Figure 4: Protos's Matc hing Kno wledge for chair. The upp er diagram indicates rela-

tions among concepts. The lo w er diagram indicates featural imp ortances (dotted line means

spurious, medium line means mo derately imp ortan t, and thic k line means essen tial.)

relations among concepts, for example \ se at enables holds(p erson) ." The second t yp e of

matc hing kno wledge is featural imp ortances. As de�ned b y Medin and Sc ha�er [33], this

is kno wledge of the \di�eren tial salience" of an exemplar's features to its category . F or

example, the whe els feature of chair1 is spurious to the category chair , and the se at feature

is essen tial. Section 4.2.1 describ es Protos's acquisition of matc hing kno wledge.

Giv en matc hing kno wledge, Protos can matc h dissimilar features b y �nding a path of

relations connecting them. F or example, in Figure 4, Protos can matc h p e destal with le gs(4)

b ecause of the relations connecting eac h of them to se at supp ort . These paths are an in tegral

part of the explanation of the classi�cation of a new case. F or example, Protos could explain

that chair2 is a chair b ecause it resem bles chair1 , and the resem blance is strong b ecause all

the di�erences b et w een them can b e explained a w a y . Section 4.2.2 describ es Protos's use of

matc hing kno wledge to determine similarit y .

Protos is equally applicable to all domains, regardless of the strength of the domain

theory . A p erfect domain theory includes matc hing kno wledge su�cien t to matc h all the

mem b ers of a category with eac h other. When this is a v ailable, the category can b e rep-

resen ted with a single exemplar, called a protot yp e [31, 55 ]. When a p erfect theory is not

a v ailable, the category can still b e represen ted, fairly accurately , b y using sev eral exemplars.

F or example, the category strike in baseball can b e represen ted with t w o exemplars, one in

whic h the batter swings and fails to hit the ball in to fair pla y , and another in whic h the

ball crosses the plate through the strik e zone. With a v ery w eak domain theory , an accurate

represen tation of a category ma y require man y exemplars.

The p olymorph y of a category is the amoun t of unexplained v ariabilit y among the

mem b ers of a category [47]. In domains with a strong theory , the p olymorph y of most

categories will b e lo w. In domains with a w eak theory , the p olymorph y of categories can

v ary considerably ( e.g., see Figure 15 in Section 5.1). Because of this, Protos has b een

designed to cop e with categories of an y degree of p olymorph y . Protos retains a case as an

exemplar only if the case di�ers from existing exemplars in signi�can t w a ys that cannot b e

explained using existing matc hing kno wledge. If a case do es matc h an exemplar strongly , it

is not retained. Th us, the n um b er of exemplars that Protos retains for a category is a direct

indication of the category's p olymorph y .
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4.2.1 Acquiring Matc hing Kno wledge from Explained Cases

Protos acquires matc hing kno wledge from explained cases. When Protos fails on a new case,

the exp ert pro vides the classi�cation and explanation. Protos installs this information in its

net w ork of matc hing kno wledge. F or example, part of the kno wledge of chairs (Figure 4)

w as learned when the exp ert classi�ed chair1 and explained:

p e destal is a sp ecialization of se at supp ort whic h enables

holds(p erson) whic h is the function of chair.

Protos requires feature-to-category explanations relating eac h case feature to the

case's classi�cation. T o explain the relationship, the exp ert t ypically in tro duces new concepts

and relations. F or example, the previous explanation in tro duces the category se at supp ort ,

the function holds(p erson) , and three relations. Protos adds these concepts and relations to

its curren t net w ork of matc hing kno wledge.

Protos and the exp ert w ork together to explain the relationship b et w een case features

and categories. Often the exp ert pro vides feature-to-feature explanations and Protos

completes the explanation of the classi�cation. F or example, after the exp ert explains the

relationship b et w een p e destal and chair, Protos explains the relev ance of le gs(4) for chair2

giv en only that \ le gs(4) is a sp ecialization of se at supp ort. "

Explanations are expressed in a prede�ned language of relations (see Figure 5). The

relations fall in to three certain t y classes:

1. De�nitional relations denote in v arian t facts ( e.g., \ adolesc ent de�nitionally en tails mi-

nor ").

2. Causal/functional relations denote kno wn mec hanisms. ( e.g., \ air p ol lution causes acid

r ain ").

3. Correlational relations denote exp erien tial kno wledge ( e.g., \ sharp te eth suggest c ar-

nivor ous ").

Eac h relation can b e strengthened or w eak ened with quali�ers, suc h as always, usual ly,

sometimes, or o c c asional ly .

Some explanations, called conditional , are restricted to mem b ers of a particular cate-

gory , cases with particular features, or matc hes with particular exemplars. F or example,

IF the category is apples THEN c olor(r e d) is equiv alen t to c olor(gr e en)

explains that the colors red and green are equiv alen t for the purp oses of classifying apples.

Conditional explanations are essen tial for concepts de�ned functionally suc h as hammer .

They p ermit stating that a cla w is spurious for a hammer qua nail-inserter but is essen tial

for a hammer qua nail-extractor.

Protos heuristically estimates the imp ortance of a feature to a category b y analyzing

a feature-to-category explanation. F or example, from the explanations relating chair1 's

10



De�nitional:

de�nitionally en tails

is equiv alen t to

requires

if and only if

has generalization

part of

is m utually exclusiv e with

Causal/F unctional:

causes

has function

enables

Correlational:

co-o ccurs with

is consisten t with

implies

suggests

spurious to

Figure 5: Relations in Protos's Explanation Language . The relations are in equiv alence

classes with resp ect to certain t y . Eac h relation has an in v erse whic h is not sho wn ( e.g., the

in v erse of has gener alization is has sp e cialization. )
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features to the category chair , Protos estimates that se at is an essen tial feature of a chair ,

that p e destal is a mo derately imp ortan t feature of a chair , and that whe els is a spurious

feature of chair1 (see Figure 4). In ternally , featural imp ortances are represen ted as n um b ers

b et w een 0 (spurious) and 1 (essen tial). Protos's estimates of featural imp ortances ma y b e

revised b y the exp ert if they result in a misclassi�cation or an unacceptable explanation.

The lo w er part of Figure 6 summarizes Protos's algorithm for learning matc hing kno wl-

edge. As this �gure indicates, the matc hing kno wledge that is acquired dep ends on Protos's

assessmen t of the similarit y of a case and an exemplar, and whether the exp ert agrees.

Protos's algorithm for assessing similarit y is discussed next.

4.2.2 Using Matc hing Kno wledge to Determine Similarit y

Protos classi�es a new case b y explaining its similarit y to an exemplar. This metho d,

summarized in the upp er part of Figure 6, is called kno wledge-based matc hing . It uses

matc hing kno wledge and a collection of heuristics to ev aluate explanations.

During kno wledge-based matc hing of an exemplar and a case, the exemplar is a mo del

for in terpreting the case. It determines whic h features are imp ortan t for a successful matc h.

If an imp ortan t feature is absen t from the case description, Protos attempts to infer it from

the case features using matc hing kno wledge. Unlik e the mo dels used b y other exp ectation-

driv en classi�ers [58, 1 , 42 ], exemplars are sp eci�c and n umerous. Usually , case features and

exemplar features matc h directly , and the range of category exemplars pro vides mo dels for

b oth t ypical and at ypical cases.

Kno wledge-based matc hing is a uniform-cost, heuristic searc h. The searc h b egins from

eac h unmatc hed exemplar feature and c hains through the net w ork of matc hing kno wledge

un til reac hing either a case feature or the depth b ound (step 6.2 in Figure 6). Eac h step of

the searc h extends the curren t path with a relation. A path connecting an exemplar feature

with a case feature is an explanation of ho w the features are \equiv alen t," in the sense that

the features suggest the same classi�cation.

Kno wledge-based matc hing uses 38 domain-indep enden t heuristics to ev aluate the qualit y

of a path ([4, app endix C]). The purp ose of the heuristics is to �nd the strongest explanation

and to prune w eak explanations. When selecting from a set of relations to extend a path, the

heuristics ev aluate the p oten tial con tribution of eac h relation to the dev eloping explanation.

This is a function b oth of:

� The individual relation and its quali�ers. F or example, the heuristics p enalize the

inclusion of w eak correlational relations suc h as \sometimes implies" in a causal expla-

nation.

� The o v erall explanation constructed th us far. F or example, one heuristic prev en ts as-

cribing the function of an assem bly to a particular part. This heuristic w ould prune an

explanation that b egins \ ste ering whe el is part of c ar whic h has function tr ansp ortation

: : : "
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GIVEN: a case ( NewCase ) to classify , and an exemplar ( Exemplar ).

T o determine the similarit y of NewCase and Exemplar :

6.1 Assign a high matc h strength to eac h feature of Exemplar

that directly matc hes a feature of NewCase .

6.2 F or eac h feature of Exemplar that is not directly matc hed, searc h matc hing

kno wledge for the b est explanation relating it to a feature of NewCase .

Assign a matc h strength corresp onding to the qualit y of the explanation.

6.3 Compute the o v erall similarit y of Exemplar and NewCase using the

matc h strength of eac h matc hed exemplar feature and the imp ortance of

eac h unmatc hed exemplar features.

If the matc h b et w een NewCase and Exemplar is su�cien tly strong, Exemplar 's category

is used to classify NewCase , and the matc h b et w een Exemplar and NewCase is used to

explain this classi�cation. Indexing kno wledge is acquired b y discussing this classi�cation

and explanation with the exp ert, as follo ws.

IF the exp ert rejects the classi�cation or explanation

6.4 THEN Request new matc hing kno wledge from the exp ert.

6.5 ELSE (the exp ert accepts the classi�cation and explanation)

IF some features of Exemplar are unmatc hed

6.6 THEN request feature-to-feature explanations from the exp ert.

IF the matc h is v ery strong

6.7 THEN Discard NewCase .

6.8 ELSE Retain NewCase as an exemplar.

6.9 Construct feature-to-category explanations.

6.10 Estimate featural imp ortances.

Figure 6: The Protos algorithms for using and learning matc hing kno wledge. Steps

6.1 through 6.3 describ e ho w Protos uses matc hing kno wledge to determine the similarit y

of a case and an exemplar. Steps 6.4 through 6.10 describ e ho w Protos acquires matc hing

kno wledge.
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The depth b ound for the searc h relating an exemplar feature and a case feature is a

function of the imp ortance of the exemplar feature to the exemplar's category . If the feature

is necessary , Protos will searc h extensiv ely , allo wing w eak explanations to b e found. If the

feature is mo derately imp ortan t, the searc h either will �nd a strong explanation or fail. If

the feature is spurious, Protos will not searc h at all.

In calculating the o v erall matc h strength b et w een a case and an exemplar (step 6.3)

eac h feature of the exemplar con tributes a factor b et w een 0 and 1. The con tribution of an

unmatc hed feature with imp ortance i is 1 � i (for example, 0 for an essen tial feature). The

con tribution of a matc hed feature is the strength of the explanation relating the feature

to a case feature (1 for a direct matc h; a fraction for an explained matc h). The o v erall

matc h strength is the pro duct of these factors for all of the exemplar's features ( cf., the

similarit y function of Medin and Sc ha�er's Con text Mo del [33 ]). An imp ortan t prop ert y of

this de�nition of matc h strength is that matc hing n umerous unimp ortan t features do es not

comp ensate for failing to matc h an imp ortan t one.

Using matc hing kno wledge, the similarit y of related cases is more accurately estimated.

Ho w ev er, the matc hing kno wledge in a w eak domain theory is not p erfect, and these imp er-

fections can cause the similarit y of unrelated cases to b e o v erestimated. F or example,

� F eatural imp ortances are generally ball park appro ximations of a quan tit y whose exact

v alue is unkno wn. Small n umerical di�erences in featural imp ortance v alues, whic h

ough t to b e negligible, can accum ulate during matc h-strength calculation and distort

the similarit y estimate.

� exp ert-supplied explanations of relations b et w een concepts can b e o v erly general, and

inadv erten tly \explain a w a y" the signi�can t di�erences b et w een unrelated cases. ( cf.

\promiscuous theories" in [17].)

By causing the similarit y of unrelated cases to b e o v erestimated while causing the sim-

ilarit y of related cases to b e accurately estimated, matc hing kno wledge can result in the

misclassi�cation of cases that w ould b e correctly classi�ed using a simple feature-coun ting

measure of similarit y . In Protos, this problem is approac hed in t w o w a ys. First, matc hing

kno wledge is revised whenev er it leads to a misclassi�cation (step 6.4). Secondly , a new case

is not matc hed against ev ery exemplar. Protos's metho d for selecting the exemplars with

whic h to matc h a new case is discussed next.

4.3 Indexing the Domain Theory

In Protos, a new case is matc hed only with those exemplars most lik ely to b e correct. By

doing this, Protos o v ercomes t w o serious problems that arise when a new case is matc hed

with all kno wn exemplars:

� misclassi�cations due to the inappropriate use of matc hing kno wledge, as describ ed

ab o v e.
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GIVEN: a case ( NewCase ) to classify .

T o �nd an exemplar matc hing NewCase :

7.1 Collect remindings from NewCase 's features to categories.

7.2 Com bine remindings to related categories.

7.3 Retain the N categories with the strongest com bined remindings.

7.4 Select, in order of protot ypicalit y , sev eral exemplars of eac h category .

7.5 Collect remindings from NewCase 's features to exemplars, and add these to

the list of exemplars. Order this list b y reminding strength.

REPEA T (consider the exemplars in decreasing order)

7.6 Let Exemplar1 b e the exemplar with the next highest reminding strength.

7.7 Determine the similarit y of NewCase and Exemplar1 .

UNTIL a su�cien tly strong matc h is found.

7.8 Use exemplar di�erences from Exemplar1 to lo cate a b etter matc h ( Exemplar2 ).

Exemplar2 's category is used to classify NewCase and the matc h b et w een Exemplar2

and NewCase is used to explain this classi�cation. Indexing kno wledge is acquired b y

discussing this classi�cation and explanation with the exp ert, as follo ws.

IF the exp ert rejects the classi�cation or explanation

7.9 THEN Reassess the remindings from NewCase 's features.

ELSE (the exp ert accepts the classi�cation and explanation)

7.10 Increase protot ypicalit y of Exemplar2 .

IF NewCase is retained as an exemplar

7.11 THEN Learn remindings for NewCase .

IF NewCase w as initially classi�ed or explained incorrectly

7.12 THEN record exemplar di�erences .

Figure 7: The Protos algorithms for using and learning indexing kno wledge. Steps

7.1 through 7.8 describ e ho w Protos uses indexing kno wledge to �nd an exemplar matc hing a

giv en case. Steps 7.9 through 7.12 describ e ho w Protos acquires indexing kno wledge. Bo xes

highligh t the di�eren t t yp es of indexing kno wledge. The pro cess of matc hing a case with an

exemplar (step 7.7) is describ ed in Figure 6.
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Figure 8: The Indexing Kno wledge for chair . In Protos, this kno wledge o v erla ys the

net w ork of matc hing kno wledge (Figure 4).

� the ine�ciency of applying the computationally exp ensiv e pro cess of kno wledge-based

matc hing to man y exemplars.

T o select and order the exemplars to matc h with a giv en case, Protos uses three t yp es of

indexing kno wledge : remindings, protot ypicalit y , and exemplar di�erences. This section

describ es this kno wledge, ho w it is used (see the upp er part of Figure 7) and ho w it is learned

(see the lo w er part of Figure 7).

The �rst t yp e of indexing kno wledge, remindings , indexes categories and exemplars b y

a new case's features ( cf., [50, 27 ] and \cue v alidit y" in [45]). Protos uses remindings as

cues to the case's classi�cation. A reminding from a feature to a category , suc h as b ackr est

indexing chair (Figure 8), suggests that the category is the most general classi�cation for

cases describ ed with the feature. A reminding from a feature to an exemplar, suc h as p e destal

indexing chair1 (Figure 8), suggests that the exemplar will matc h cases describ ed with the

feature ( cf., \idiosyncratic information" in [32 ]). Eac h reminding has an asso ciated strength,

whic h is used to order the list of candidate exemplars.

When searc hing for an exemplar that matc hes a new case, Protos �rst collects remind-

ings to categories (step 7.1 in Figure 7). Related categories are com bined b y summing the

strengths of duplicate remindings and b y inheriting remindings from general categories to

sub categories (step 7.2). Only the N strongest com bined remindings are returned (step 7.3).

3

Protos then selects sev eral of the most protot ypical exemplars (de�ned b elo w) to represen t

eac h category (step 7.4). Finally , Protos collects remindings from case features to particular

exemplars (step 7.5). The result is an ordered list of exemplars to try matc hing with the

new case.

Protos learns a reminding b y compiling an exp ert-supplied explanation of a case feature

(step 7.11). F or example, Protos deriv es a reminding from se at to chair (Figure 8) from the

explanation:

se at enables holds(p erson) whic h is the function of chair

Protos heuristically analyzes eac h explanation to determine the category or exemplar to

whic h the reminding should refer and the strength of the reminding. As in the previous

example, a reminding often refers to the last term in an explanation. Ho w ev er, some re-

mindings are deriv ed from a p ortion of the explanation. F or example, one heuristic applies

to explanations of the form:

3

In the curren t implemen tation, N = 5.
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h case feature i � � � categ or y

1

has sp ecialization categ or y

2

� � �

and deriv es a reminding from h case feature i to categ or y

1

, the most general category named.

The strength of a reminding is a function of the relations and quali�ers used in the expla-

nation. F or example, from the explanation:

fur is usually required b y mammal whic h has sp ecialization c at

Protos deriv es a mo derate strength reminding from fur to mammal .

Some remindings, called censors , are negativ e asso ciations b et w een case features and

categories or exemplars. A censor from a feature to a category suggests that cases describ ed

with the feature should not b e classi�ed in the category . Protos uses censors to remo v e

en tries from the set of candidate classi�cations. Censors are deriv ed from mutual exclusion

relations used in explanations.

Remindings are not fo olpro of. The explanation from whic h a reminding is deriv ed migh t

c hange. F or example, a reminding from a feature f to a category C migh t b e deriv ed from

the explanation that \ f causes C ". Later, the domain exp ert migh t c hange the explanation

to \ f sometimes causes C ", or \ f causes C

2

whic h has sp ecialization C ". Protos do es not

c hec k remindings when matc hing kno wledge is altered. Rather, a reminding is reassessed

only when it suggests an incorrect classi�cation (step 7.9). Protos uses the curren t matc hing

kno wledge to explain the relationship b et w een the classi�cation and the case feature that

ev ok es the reminding. F rom this explanation Protos deriv es a replacemen t for the fault y

reminding.

The second t yp e of indexing kno wledge, protot ypicalit y , orders the exemplars within

a category according to their record of success in previous classi�cations. When a new case

reminds Protos of a category , the exemplars of that category are matc hed with the case in

order of decreasing protot ypicalit y (step 7.4). F or example, giv en a case with remindings to

chair but no remindings to particular exemplars, Protos attempts to matc h the case with

chair1 b efore chair2 (Figure 8). Protot ypicalit y is a heuristic estimate of the psyc hological

notion of \family resem blance" [47], whic h is the degree to whic h an exemplar is similar to

other category mem b ers. Protot ypicalit y is incremen tall y learned: if a matc h b et w een a case

and an exemplar is accepted b y the exp ert then the exemplar's protot ypicalit y is increased

b y an amoun t prop ortional to the strength of the matc h (step 7.10).

The third t yp e of indexing kno wledge, exemplar di�erences , indexes exemplars b y the

features that distinguish them from exemplars with similar descriptions ( cf., \indexing of

failures" in [54, 28 , 29 ]). After �nding an exemplar that matc hes a new case, Protos hillclim bs

to the b est matc hing exemplar (step 7.8). F or example, if the case partially matc hes chair2 ,

but has the unmatc hed feature armr ests , chair1 is suggested b y the exemplar di�erence

relating chair1 to chair2 (Figure 8).

Protos learns an exemplar di�erence b y matc hing a new case to a \near miss" [60] b efore

matc hing the case to an exemplar preferred b y the exp ert (step 7.12). The near miss and

the preferred exemplar ma y b e mem b ers of the same category or di�eren t categories. Protos
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relates them b y their di�erences to impro v e classi�cation accuracy on subsequen t cases.

Relating only those pairs of exemplars that w ere actually confused during classi�cation

a v oids the problem of recording a plethora of exemplar di�erences.

4.4 An Example of Protos in Clinical Audiology

The Protos classi�cation and learning algorithm (Figure 9) com bines the algorithms for

matc hing and selecting exemplars. This section applies the algorithm to a t ypical case that

Protos pro cessed in the clinical audiology domain. The dialogue in Figure 1 pro vides an

outline of this section. There, the in teraction b et w een Protos and the exp ert on this case is

giv en in an abridged form. This section presen ts and discusses the unabridged form of the

in teraction { e.g., Figures 10 through 13 are screen-dumps of actual Protos output { and

Protos's in ternal pro cessing.

After training Protos with 175 cases, the exp ert asks Protos to classify NewCase , whic h

has the features (symptoms and test results) listed in Figure 10.

There are remindings from some of these features to diagnostic categories, but no remind-

ings to individual exemplars (Figure 11). Protos com bines these remindings to pro duce an

ordered list of p ossible classi�cations for NewCase (Figure 9, step 1). Duplicate remindings

(suc h as the four remindings to c o chle ar ) are summed, and remindings to general categories

are inherited b y sub categories. As a result, remindings to the general categories c o chle ar ,

age-induc e d c o chle ar , and otitis me dia are inherited b y their shared sub category age-induc e d

c o chle ar with otitis-me dia .

The strongest com bined reminding is to the category age-induc e d c o chle ar with otitis-

me dia . Protos attempts to con�rm this classi�cation (steps 3 and 4) b y explaining the

similarit y of NewCase and a protot ypical exemplar, Patient163 (Figure 12). The matc h is

strong, and there is no exemplar-di�erence kno wledge that indexes a b etter matc h (step 5).

The matc h is presen ted to the exp ert, who rejects it as incorrect (step 6).

In resp onse to the exp ert's rejection, Protos reassesses the indexing and matc hing kno wl-

edge that led to the misclassi�cation. First, Protos v eri�es the remindings b y searc hing the

domain theory for feature-to-category explanations (step 7). Then, Protos discusses with

the exp ert the matc hing kno wledge that o v erestimated the similarit y of NewCase and Pa-

tient163 (step 8). In the curren t matc h, there are no feature-to-feature explanations to b e

discussed, b ecause there are only direct matc hes. There are some unmatc hed features, and

Protos asks the exp ert to reconsider their imp ortances. The exp ert tells Protos that one of

these features, ac oustic r ef u(absent) , is actually v ery imp ortan t for category mem b ership.

Consequen tly , Protos's assessmen t of the similarit y of the t w o cases decreases.

Protos attempts to classify NewCase using its second strongest reminding, whic h is to

the category age and noise-induc e d c o chle ar . Protos selects a protot ypical exemplar and

explains its similarit y to NewCase (Steps 3 and 4). The result is sho wn in Figure 13. Most

of the features matc h directly , and the sp e e ch feature is matc hed using the kno wledge:

IF the category is age and noise-induc e d c o chle ar
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GIVEN: a case ( NewCase ) to classify .

1 Collect and com bine remindings from NewCase 's features.

Retain only the N strongest com bined remindings.

2 Create a list of exemplars ordered b y reminding strength.

REPEA T

REPEA T (consider the exemplars in decreasing order)

3 Let Exemplar1 b e the exemplar with the next highest reminding strength.

4 Determine the similarit y of NewCase and Exemplar1 .

UNTIL an su�cien tly strong matc h is found.

5 Use exemplar di�erences from Exemplar1 to lo cate a b etter matc h ( Exemplar2 ).

6 Use Exemplar2 's category to classify NewCase and use the matc h

b et w een Exemplar2 and NewCase to explain this classi�cation.

Discuss this classi�cation and explanation with the exp ert:

IF the exp ert rejects the classi�cation or explanation

7 THEN Reassess the remindings from NewCase 's features.

8 Request new matc hing kno wledge from the exp ert.

9 ELSE (the exp ert appro v es the classi�cation and explanation)

10 Increase protot ypicalit y of Exemplar2 .

IF some features of Exemplar2 are unmatc hed

11 THEN request feature-to-feature explanations from the exp ert.

IF the matc h is v ery strong

12 THEN Discard NewCase .

13 ELSE Retain NewCase as an exemplar.

14 Construct feature-to-category explanations.

15 Estimate featural imp ortances.

16 Learn remindings for NewCase .

17 IF NewCase w as initially classi�ed or explained incorrectly

THEN record exemplar di�erences.

UNTIL the exp ert appro v es the classi�cation and explanation.

Figure 9: The Protos Classi�cation and Learning Algorithm , com bining the algo-

rithms in Figure 6 and Figure 7.

hi

Figure 10: The F eatures of NewCase
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Figure 11: Remindings from NewCase 's F eatures to Diagnostic Categories

hi

Figure 12: Matc h b et w een NewCase and an Exemplar of A ge-Induc e d Co chle ar with

Otitis Me dia

THEN sp e e ch(p o or) is usually equiv alen t to sp e e ch(very p o or) .

Of the four unmatc hed exemplar features, t w o are b eliev ed to b e imp ortan t: s neur al(sever e,1k)

and b one(abnormal) . The exp ert accepts the classi�cation and the explanation.

Because imp ortan t features are unmatc hed, Protos solicits explanations from the exp ert

(step 11). He tells Protos that

b one(unme asur e d) is sometimes equiv alen t to b one(abnormal)

but is un willing to equate the v alue of feature s neur al in the exemplar with its v alue in

NewCase . Because this imp ortan t exemplar feature remains unmatc hed, Protos retains

NewCase as an exemplar of age and noise-induc e d c o chle ar (step 13).

Protos acquires more matc hing kno wledge b y constructing feature-to-category explana-

tions for the new exemplar (step 14). It constructs most of the explanations using existing

kno wledge, and the exp ert adds:

ac oustic r ef c(elevate d) is spurious to age and noise-induc e d c o chle ar

s neur al(pr ofound,2k) is sometime s consisten t with c o chle ar

whic h has sp ecialization age-induc e d c o chle ar

whic h has sp ecialization age and noise-induc e d c o chle ar .

NewCase in tro duced features in to the domain theory , and Protos estimates their imp or-

tance to the category age and noise-induc e d c o chle ar (step 15). Because ac oustic r ef c(elevate d)

w as explained to b e spurious, Protos considers it unimp ortan t. Protos heuristically ev aluates

the explanation that relates s neur al(pr ofound,2k) to the category . Because the relation is

hi

Figure 13: Matc h Bet w een NewCase and an Exemplar of A ge & Noise-Induc e d Co chle ar
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quali�ed b y \sometimes," it infers that s neur al(pr ofound,2k) is mo derately imp ortan t to

age and noise-induc e d c o chle ar .

Protos adds indexing kno wledge for the new exemplar (step 16). Because s neur al(pr ofound,2k)

is explained to o ccur with an y t yp e of co c hlear hearing loss, Protos deriv es a reminding from

s neur al(pr ofound,2k) to c o chle ar . The presence of the quali�er \sometimes" causes Protos

to assign only a mo derate strength to the reminding.

Recall that Protos initially misclassi�ed NewCase b y matc hing it with P atient 163, the

exemplar of age-induc e d c o chle ar with otitis-me dia . Protos records this near-miss b y adding

exemplar-di�erence kno wledge (step 17). Protos asks the exp ert whic h features reliably

distinguish the exemplars and then annotates the relationship. Before concluding, Protos

asks the exp ert to pro vide an y additional information he wishes, and he declines.

5 Ev aluating Protos

In this section w e empirically ev aluate Protos's comp etence at the learning and classi�cation

task de�ned in Section 2. First w e describ e the results of training Protos in the audiology

domain. W e then compare the classi�cation accuracy ac hiev ed b y Protos to that ac hiev ed b y

h uman audiologists and b y sev eral other programs, including simpli�ed v ersions of Protos.

Some of these programs ha v e a p oten tial adv an tage in this comparison b ecause they are

sp eci�cally designed to ac hiev e high classi�cation accuracy without regard for explanatory

adequacy . On the other hand, a p oten tial adv an tage for Protos is that it acquires, and

uses for classi�cation, a considerable amoun t of domain kno wledge that the other programs

are not designed to use. These comparisons are in tended to determine the signi�cance of

Protos's results in audiology and to iden tify the asp ects of Protos that are most imp ortan t

in ac hieving these results.

5.1 Protos's Comp etence at the Kno wledge Acquisition T ask

T o ev aluate Protos, w e applied it to the task in clinical audiology of iden tifying a patien t's

hearing disorder. This domain w as c hosen for three reasons. First, it is a represen tativ e

application of heuristic classi�cation. P atien ts are assigned to diagnostic categories as a

result of uncertain inferences in v olving features suc h as symptoms, test results, and patien t

history . Second, an in terested exp ert w as a v ailable to serv e as Protos's teac her. Third, a

graduate program in audiology at the Univ ersit y of T exas pro vided a p opulation of exp ert

and studen t diagnosticians to whom Protos could b e compared.

Protos w as trained and tested in clinical audiology b y Dr. Craig Wier, an exp ert au-

diologist and a professor of Sp eec h Comm unication at the Univ ersit y of T exas at Austin.

Cases w ere c hosen at random from the Sp eec h and Hearing Lab oratory of the Metho dist

Hospital in Houston, T exas.

4

A case w as considered correctly diagnosed if Dr. Wier and

4

Professor James Jerger graciously pro vided access to the patien t records.
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Cases First Class Corr e ct Pr eferr e d Class Corr e ct

training 57.7 81.7

test 92.3 100.0

T able 1: P ercen tage of Correct Classi�cations. \First class correct" is the p ercen tage

of cases in whic h the strongest com bined reminding whic h pro duced a matc hing exemplar

resulted in the correct classi�cation. \Preferred class correct" is the p ercen tage of cases in

whic h the strongest matc h Protos found w as the correct classi�cation. The 24 training cases

that in tro duced new categories w ere excluded from these calculations.

the lab oratory clinicians agreed. (Of an original set of 230 cases, they disagreed on 4, whic h

w ere not used for Protos's training or testing.) Protos's classi�cation accuracy is the

p ercen tage of cases whic h it correctly diagnosed.

Dr. Wier in teracted directly with Protos without a kno wledge engineer's assistance. He

trained Protos with 200 cases in 24 diagnostic categories. This is appro ximately the n um b er

of cases seen b y a studen t during graduate sc ho ol preparation for state certi�cation. After

this training, Protos w as tested with 26 di�eren t cases. Learning w as \turned-o�," and the

exp ert pro vided no explanations. Protos's comp etence is eviden t in the follo wing �gures,

whic h describ e its classi�cation accuracy , e�ciency , and autonom y gain.

T able 1 rep orts Protos's classi�cation accuracy during training and testing. Accuracy

impro v ed during training, culminating in 100% agreemen t with the exp ert during testing.

Moreo v er, Protos's misclassi�cations w ere usually plausible categories that the exp ert judged

w ere more sp eci�c than the evidence p ermitted.

Classi�cation e�ciency w as measured in t w o w a ys, b y the storage required for classi�ca-

tion, and b y the e�ort required to �nd a correct matc h. Figure 14 illustrates the gro wth of

Protos's storage requiremen ts, as measured b y the n um b er of categories, indices, and exem-

plars. Ov erall, Protos retained 120 exemplars of 24 diagnostic categories. Figure 15 rep orts

the n um b er of exemplars retained in sev eral common categories. Some categories, suc h as

normal and unknown c o chle ar he aring loss , are highly p olymorphic, whereas others, suc h as

�xation , are not. During the �rst 100 training cases, exemplar reten tion w as 86%. There

are t w o reasons for this high rate of reten tion. First, Protos w as learning t w o-thirds of its

diagnostic categories from these cases, including man y of the highly p olymorphic categories.

Second, the conditional explanation capabilit y w as added to Protos after the �rst h undred

cases had b een presen ted.

5

The exp ert estimates 30{40 few er exemplars w ould ha v e b een re-

tained with conditional explanations. This is consisten t with Protos's lo w er rate of exemplar

reten tion during the second h undred cases.

T able 2 rep orts the n um b er of categories considered and the n um b er of exemplar matc hes

attempted b y Protos, on a v erage, b efore (and including) making a correct matc h. Both n um-

b ers increased at appro ximately the same rate as the n um b er of categories and exemplars.

5

The exp erimen t w as not restarted b ecause the exp ert's time w as limited.
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hi

Figure 14: Protos's Acquisition of Categories, Exemplars and Indexing Kno wledge

hi

Figure 15: Exemplar Reten tion for a Sample of the 24 Diagnostic Categories

The disprop ortionate increases that o ccurred with cases 151{200 w ere due to the large n um-

b er of at ypical cases in that group.

6

Protos discussed ev ery successful matc h with the exp ert, not just the strongest one. The

classi�cation could b e accepted or rejected. If accepted, the exp ert w ould assess the adequacy

of the explanation. The exp ert rarely disagreed with Protos's explanations.

The n um b er of matc hes Protos discussed with the exp ert is a measure of Protos's auton-

om y . T able 3 sho ws that most of Protos's classi�cation e�ort w as indep enden t of the exp ert.

An indication that Protos gained autonom y is that the n um b er of matc hes discussed with

the exp ert remained constan t as the n um b er of exemplars and categories grew.

5.2 The Classi�cation Accuracy Ac hiev ed b y Audiologists

Protos's classi�cation p erformance w as compared with that of 19 clinicians from the De-

partmen t of Sp eec h Comm unication of the Univ ersit y of T exas. Tw o w ere sup ervisors of the

departmen t's clinical practicum. The other 17 w ere graduate studen ts with more than one

y ear of clinical exp erience. On a v erage, the sub jects did considerably less w ell than Protos,

although one sup ervisor p erformed almost as w ell (T able 4).

The studen t clinicians commonly complained that some cases could not b e diagnosed

b ecause information that they b eliev ed w as essen tial w as missing from the case descriptions.

6

Dr. Wier coun ted sev en at ypical cases in this group, compared with t w o in the previous group of 50

cases.

Cases Classi�c ations Exemplars

1-50 2.7 *

51-100 2.8 *

101-150 2.5 4.6

151-200 4.0 7.4

test 3.7 5.3

T able 2: Protos's Mean E�ort to Find a Correct Matc h (`*' indicates data una v ail-

able).
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Cases Matches Discusse d

(p er c ase)

1-50 1.7

51-100 1.6

101-150 1.5

151-200 1.9

test 1.1

T able 3: Matc hes Discussed With the Exp ert

Subje cts Pr eferr e d Class Corr e ct A ny Class Corr e ct

Sup ervisor 1 85% 92%

Sup ervisor 2 69% 81%

Studen t (mean) 69% 73%

T able 4: Correct Classi�cations b y Clinicians. Eac h clinician rank-ordered his diagnoses

of eac h case. \Preferred Class Correct" is the p ercen tage of cases in whic h the clinician's

top-rank ed diagnosis w as correct. \An y Class Correct" is the p ercen tage of cases in whic h

the clinician listed the correct diagnosis.

The case descriptions in the audiology data are extremely incomplete, supplying, on a v er-

age, less than half the p ossible features. Ho w ev er, the clinical sup ervisors found the case

descriptions adequate.

7

5.3 The Classi�cation Accuracy Ac hiev ed b y ID3

The incompleteness of the case descriptions w as also an obstacle for ID3, a w ell-kno wn con-

cept formation program that learns decision trees from examples. In [44], Quinlan describ es

four w a ys to adapt ID3 to cop e with incomplete case descriptions. Eac h of these v arian ts of

ID3 w as implem e n ted, applied to the 200 audiology training cases, and ev aluated b y classify-

ing the 26 audiology test cases with the resulting decision trees [18 ]. None of the v arian ts of

ID3 ac hiev ed high classi�cation accuracy . The highest accuracy , a mere 38%, w as ac hiev ed b y

treating \missing" as a feature-v alue. The other v arian ts, whic h represen t v arious metho ds

of estimating missing features, ac hiev ed considerably lo w er classi�cation accuracies.

In [44], the metho ds of estimating missing features p erform w ell on data with the follo wing

prop erties:

� The p ercen tage of features that are missing, called the \ignorance lev el," is v ery small.

Quinlan claims that \in practice, an ignorance lev el of ev en 10% is unlik ely" [44, p.

7

F rom y ears of teac hing, our domain exp ert b eliev es that no vice audiologists frequen tly rely on unnecessary

data. The reliance of no vice diagnosticians on unnecessary data has also b een rep orted in formal studies,

e.g., [20 ].
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99].

� Missing features are randomly distributed across cases.

The metho ds p erform p o orly on the audiology data b ecause the data exhibits neither of

these prop erties. The data has an ignorance lev el exceeding 50%.

8

F urthermore, missing

features are not distributed randomly throughout the audiology data set. F or example,

y es/no features are alw a ys missing when their v alue is \no." More generally , features are

missing when they are kno wn to b e irrelev an t for classi�cation or redundan t with features

already presen t in the case description.

Protos p erforms w ell giv en data in whic h missing features ha v e the prop erties exhibited

b y the audiology data. Although the ignorance lev el is v ery high, imp ortan t features either

w ere giv en or w ere inferable. Unimp ortan t features, whic h ma y b e missing in some cases

and presen t in others, ha v e little e�ect on the matc hing pro cess.

5.4 The Classi�cation Accuracy Ac hiev ed b y Simple Exemplar-

Based Programs

Kibler and Aha [25] describ e three similarit y-based exemplar learning programs, called Pro x-

imit y , Gro wth, and Shrink. Lik e Protos, these programs learn b y retaining exemplars, and

they classify a test case b y assigning it to the category of the exemplar that b est matc hes

the test case. Unlik e Protos, they do not use kno wledge during classi�cation: a test case is

matc hed against all exemplars, and the strength of a matc h is determined b y the n um b er of

features that are iden tical in the exemplar and the test case. The programs di�er from eac h

other only in the rule used to decide whether to retain a new training case as an exemplar.

The matc hing algorithm in Kibler and Aha's programs is reasonably w ell-suited to data

whose missing features exhibit the prop erties of the audiology data. Consequen tly , these

algorithms ha v e a m uc h b etter c hance of ac hieving high classi�cation accuracy on the au-

diology data than did an y of the v arian ts of ID3. And indeed, when the programs w ere

implem en te d and tested, Shrink and Gro wth ac hiev ed a classi�cation accuracy of 65%, and

Pro ximit y ac hiev ed a classi�cation accuracy of 77% [30]. The metho d of calculating matc h

strength in Kibler and Aha's programs can b e replaced with Protos's metho d b y assuming

that no distinct features are equiv alen t and that all features ha v e the same imp ortance.

When this w as done, the p erformance of Shrink and Gro wth did not c hange, but Pro ximit y

ac hiev ed a classi�cation accuracy of only 62% [30 ]. This suggests that the lo w-lev el details

of Protos's matc h strength calculation could b e impro v ed.

8

V ery high ignorance ma y b e quite common in practice. F or example, [48 ] rep orts a 50% ignorance lev el.
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5.5 The E�ect of Deleting Kno wledge from Protos on Classi�ca-

tion Accuracy

Protos deriv ed indexing and matc hing kno wledge from the explanations supplied b y the

exp ert. T o determine the degree to whic h Protos's high classi�cation accuracy dep ended

on these t w o t yp es of kno wledge, an ablation study [14] w as conducted in whic h v arious

com binations of Protos's kno wledge w ere used to classify the audiology test cases. Because

this t yp e of study w ould b e v ery di�cult to run on Protos itself, a program, called M-

Protos, w as constructed sp eci�cally for these exp erimen ts. M-Protos di�ers from Protos in

man y w a ys, notably that it cannot acquire kno wledge. Ho w ev er, its classi�cation pro cess is

su�cien tly similar to Protos's that the results of the exp erimen ts apply equally to M-Protos

and Protos. Details of M-Protos and of the exp erimen tal results are giv en in [30 ].

In the absence of indexing kno wledge, M-Protos matc hes all exemplars with the giv en

test case. In the absence of matc hing kno wledge, M-Protos reduces the matc h strength a

�xed amoun t for ev ery feature in the exemplar that do es not o ccur in the test case. M-

Protos is considered to ha v e correctly classi�ed the test case if the strongest of its attempted

matc hes is an exemplar in the correct category . Giv en all of the audiology training cases,

and no indexing or matc hing kno wledge, M-Protos ac hiev ed a classi�cation accuracy of 65%,

similar to that ac hiev ed b y Kibler and Aha's programs. The accuracy dropp ed to 58% when

matc hing kno wledge w as added. With indexing kno wledge, but no matc hing kno wledge, M-

Protos ac hiev ed 92%. With b oth indexing and matc hing kno wledge, M-Protos, lik e Protos,

ac hiev ed 100% classi�cation accuracy .

F or the most part, these results are consisten t with the general philosoph y of exemplar-

based programs. Classi�cation accuracy is primarily ac hiev ed b y using direct matc h and a

large, w ell-indexed set of exemplars; kno wledge-based matc hing b o osts classi�cation accu-

racy , but is not its primary source. Lac k of indexing kno wledge resulted in the inappropriate

use of matc hing kno wledge and a concomitan t increase in misclassi�cations (as discussed at

the end of section 4.2.2.).

Ho w ev er, the dep endence of classi�cation accuracy on matc hing kno wledge in this exp eri-

men t w as surprisingly small. This ma y b e explained b y p eculiarities of our audiology training

that will not necessarily arise in other domains, or ev en in the audiology domain giv en dif-

feren t training. With the case language used in our exp erimen ts, direct matc h w ork ed w ell.

In a t ypical correct matc h b et w een an exemplar and a case, 8 of the 11 exemplar features

matc hed features in the case, and 7 of these matc hed directly . Th us, there w as limited op-

p ortunit y to use matc hing kno wledge, either to increase the strength of the correct matc h or

to reduce the strength of incorrect matc hes. F urthermore, m uc h of the matc hing kno wledge

that did exist w as expressible only as conditional explanations of feature equiv alence, a form

of explanation that w as not a v ailable during the �rst half of training. This prev en ted a

signi�can t b o dy of matc hing kno wledge from b eing en tered b y the exp ert.
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6 Summary

Our researc h dev elop ed a successful approac h to the task of concept learning for heuristic

classi�cation. This task di�ers from the usual concept learning task in three w a ys. A program

for this task m ust explain its classi�cations, accommo date incomplete case descriptions, and

learn domain-sp eci�c kno wledge for inferring case features needed for classi�cation.

Our approac h to this task is exemplar-based. Concepts are learned b y retaining exem-

plars, and new cases are classi�ed b y matc hing them to similar exemplars. This approac h

has strong psyc hological supp ort, but it raises t w o problems: measuring similarit y and ef-

�cien tly �nding an exemplar to matc h. W e solv e these problems b y augmen ting exemplars

with matc hing kno wledge and indexing kno wledge. A new case is classi�ed b y using indexing

kno wledge to �nd an exemplar and using matc hing kno wledge to explain similarit y . By in ter-

lea ving heuristic classi�cation and kno wledge acquisition, this approac h p ermits a program

to start at a lev el of utter incomp etence and to ac hiev e a lev el of exp ert comp etence.

T o ev aluate our approac h, w e built the Protos program and applied it to the task in

clinical audiology of iden tifying a patien t's hearing disorder from symptoms, test results,

and history . This ev aluation yielded man y encouraging results:

� After a reasonable amoun t of training, Protos ac hiev ed v ery go o d classi�cation accuracy

without using excessiv e computational resources.

� Protos's classi�cation accuracy is comparable to that of exp erienced h uman exp erts,

and is signi�can tly b etter than that of the mac hine learning alternativ es w e examined.

The t w o main reasons for this are (1) Protos's abilit y to deal with incomplete case

descriptions and (2) Protos's use of indexing and matc hing kno wledge deriv ed from

explanations pro vided b y the exp ert.

� Most of the explanations Protos generated for a case's classi�cation w ere acceptable

to the exp ert.

� Protos gained autonom y . The n um b er of matc hes Protos discussed with the exp ert

remained constan t as the n um b er of exemplars and categories grew.

The ev aluation of Protos also rev ealed sev eral shortcomings, whic h w e are addressing

with our curren t researc h. The �rst shortcoming is that Protos adds new kno wledge without

considering its relation to existing kno wledge. This allo ws inconsistencies to go undetected

un til they cause a classi�cation or explanation failure, whic h is sometimes undesirable. Ken

Murra y's researc h [41, 40 ] explores the task of in tegrating new information in to existing

kno wledge. The second shortcoming of Protos is that it do es not adapt its explanations to

di�eren t users. The researc h of Liane Ac k er, James Lester, and Art Souther [56] explores

the generation of coheren t explanations that can v ary in viewp oin t and lev el of abstraction.

This researc h and Ken Murra y's b oth use a large-scale, m ultifunctional kno wledge base for

the domain of plan t anatom y , ph ysiology , and dev elopmen t [43]. The third shortcoming of
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Protos is its v ery restricted explanation language. Karl Bran ting's researc h [8] explores the

represen tation and reuse of complex explanations for automated reasoning in w eak-theory

domains, using as a testb ed the domain of W ork er's Comp ensation case la w.
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