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What is the relationship between intelligence and learning ability?
This question engaged contributors to the 1965 conference on learn-

differences, and, we believe, the sophistication of the answer to

ing and individual
ghlights exactly how far our

this question, perhaps as clearly as to any other, hi
theorics have come over the last twenty years.

Certainly the prevalent position among the contributors to the 1965 con-
ference, and indeed the general opinion until recently, was that there is no
relationship between intelligence and the ability to learn or, perhaps, that the
relationship is weak at best. This position reflects conclusions drawn from the
widely cited series of studies by Woodrow (1946), who found that with ex-
tended practice on a variety of learning tests (such as canceling tasks, analogies,
addition), the performance of brighter students did not improve at a rate
substantially greater than that shown by poorer students. Woodrow’s studies are
no longer viewed as incontrovertible in addressing the intelligence-learning
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::Slillclyoprl‘irflaﬁ}lylbeca.usc of problems with the measures of learning ability he
ployed: his learning tasks may have been too simple (Humph
Campione, Brown, and Bryant, 1985 i P! pareys, 19.79;
Bryant, ), and his conception of learning as im-
{Jrovqmcnt due to practice was too simplistic. Had he sclected other lgcinds of
,::n;::]ﬁ task; and m.casul.'cd learning with other performance indices, his results
ght have been quite different, as subsequent investigation has shown (S
Kyllonen, and Marshalek, 1984). o
We may draw a general conclusion here: to address question i
l.earmng ability, such as the question of its correlates and its gimc;i:nr:ﬁg;dil: 1gs
Lr;u{;;zzt:ﬁ::gia:z: clea‘rf;dlca of_cxan.:tly.what is meant by learning ability to the
Etent that one cun sg\;;:x f carning indicators. Problems and confusions such as
thos y Woodrow could have been resolved by sclecting learning
indicators from an agrccd-upo.n taxonomy of learning skills. To clarify this
{Jomt., for -thc purposes of.t‘h}s paper we distinguish learning abilities from
carning skills. Wc define abilities as individual-difference dimensions in a factor
ax_mlysns._ of lear{ung tasks. We define skills as candidate individual-difference
dimensions which are presently only conceptually distinct. In this way, we
bche\_’c that proposing learning skills logically precedes establishing the individ-
gal dlﬁ.-crcnccs dimc:;xsions underlying learning. Proposing a taxonomy of learn-
ing _skills should assist in determining the dimensions of learning ability. (We
realize that our use of the terms abilities and skills may be somewhat
idiosyncratic.)

There are many potential benefits to having a widely accepted taxonomy of
learning skills. Consider Bloom’s Taxonomsy of Educational Objectives (1956). Its
primary purpose was to serve as an aid, especially to teachers, for considering a
wider range of potential instructional goals and for considering means of evalu-
ating student achievement consistent with those goals. Although the taxonomy
has been criticized for vagueness (what cxactly is analysis anyway?) (Ennis,
1986), it has served teachers well over the last thirty years, at lcast as demon-
strated by its continued inclusion in teacher training curricula. Its main effect
has probably been to encourage instructing and testing of higher-order thinking
skills (analysis, synthesis, cvaluation). A faxonomy of learning skills could have
a parallel cffect in encouraging the development of instructional objectives
concerned with teaching higher-order learning skills.

Fleishman and Quaintance (1984) have outlined a number of ways, both
scientifically and practically, in which a performance taxonomy in psychology
would be bencficial. The main scientific bencfit would be that results from
different studies using different methods could more casily be compared and
synthesized. Study A finds that some manipulation drastically affects perform-

ance on task X whereas study B finds that the same manipulation has no effect
on performance of task Y. Are the studies contradictory or compatible? A
taxonomy could help decide.
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The main practical benefit of having a taxonomy of learning skills is that
consumers of research findings could more easily determine the limits of gener-
alizability from current rescarch findings to an immediate practical problem.
For example, it would be convenient to be able to produce learnability metrics
for any kind of learning task, either in the classroom (for example, a particular
algebra curriculum) or outside the classroom (such as a new word-processing
system). A taxonomy of learning skills would be an important first step toward
achieving a generally useful learnability metric system.

There are also more specific motivations for the immediate development of
a taxonomy of learning skills. The National Asscssment of Educational Progress
(NAEP, “The Nation’s Report Card”) is a biennial survey of student achieve-
ment in arcas such as mathematics, science, and computer science designed to
provide information to Congress, school officials, and other policy makers
regarding the state of American education. In recent years there has been
increasing attention given to the assessment of higher-order skills in these
subject matters (Murnane and Raizen, 1988). It is likely that because of political
pressures this cffort will continue with or without a taxonomy, but a taxonomy
of lcarning skills could assist in the development of new, more refined test items
to measure learning skills relevant to math and science.

Perhaps the most conspicuous benefits of having a viable taxonomy of
learning skills, however, would be realized in the burgeoning domain of intelli-
gent computerized tutoring systems (ITS). A number of such systems have been
developed (Yazdani, 1986), and the potential for generalizing and synthesizing
results across the different systems is being seen as increasingly critical (Soloway
and Littman, 1986). Too often, rescarchers caught up in the excitement of
developing powerful, innovative instructional systems have neither the interest
nor the expertise for systematically evaluating those systems. There have been a
few small-scale cvaluation studies of global outcomes (Anderson, Boyle, and
Reiser, 1985), but the ficld could obviously benefit from an accepted taxonomy.
System developers could state what kinds of learning skills were being devel-
oped, and evaluators could determine the degree of success achieved. In this
way, a taxonomy could provide a useful metric by which to compare and
evaluate tutors as to their relative effectiveness not only in teaching the stipu-
lated subject matter, but also in promoting more general learning skills.

Intelligent tatoring systems would benefit from a learning taxonomy in a
second way. Because of the precision with which instructional objectives may
be stated, the degree of tutorial control over how thesc objectives guide instruc-
tional decisions, and the precision with which student learning may be assessed,
the ITS environment enables the examination of issues on the nature of learning
that investigators simply were unable to address in the past. Educational re-
search has been notoriously plagued with noisy data due to the very nature of
field rescarch and the inherent lack of control over the way instructional
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tr ini i
I;gt?:ﬁilzzeﬁTLﬁ:tzré‘d and 1eammg outcomes measured. The controlled
TS environment thus of ers new promise as the ideal testbed for evaluating
e et s rning. With ti‘ICSt? systems we now have the capability
of generating rich ¢c c;;lpn(;z.shoﬁ an 1nd1v1du.a1' learner’s progress during in-
rructic y should help in determining exactly what indicators of
learnin El Ez;g;tc_stsh ::'u:lt .}f:amt;r statlus we ought to be producing and examining
of the uti ity of any learning taxonomy is whether it could ac :
Eet:;:’cxi“t)o assni;rm sucii an cndeairor. The goal of this chapter is to proposenilalltiz
my. We begin by looking at what has been done thus far.

A TAXONOMY OF LEARNING TAXONOMIES

Investigators have adopted various approaches to the development of learni

taxonomies. One way of organizing these approaches, which we willamwig
here, is by the categories of (a) rational, based on a condil:ions-of-lmap'l)y
analysis, (b) correlational, based on an individual-differences analysis l':mg
model-based, from formal computer simulations of learning proccs)s(es nnd ©

Rational Taxonomies

Rational taxonomies are by far the most common. Examples of thi
taxonomies proposed by Bloom (1956), Gagné (1985),1?[enszn t(hll‘;gfeaarig
Melton (1964). Proposed taxonomies are based on a speculative, rational :inal -
sis of the domain, and frequently the analysis applied is of 2 c0nditions—of-learii—
ing nature. That is, the proposer defines task categories in terms of characteris-
tics that will foster or inhibit learning or performance.

One of the first attempts to organize the varieties of learning was Melton’s
_(1964) proposal of a simple taxonomy based primarily on clusters of tasks
investigated by groups of researchers. The categories, roughly ordered by the
complexity of the learning act, were conditioning, rote learning, probability learning
sk.iH learning, concept learning, and problem solving. This general scheme has been
given an updated trearment by Estes (1982) who examined conditions that
facilitated and inhibited these and related classes of learning, and looked for
evidence of individual differences in each class.

A task-based scheme was also the basis for learning taxonomies proposed by
Jensen (1967) and Gagné (1965, 1985). Jensen proposed a three-faceted taxon-
omy (similar in some ways to Guilford’s structure of intellect model): a learning
type facet incorporated Melton’s seven categories; a procedures facet indicated
variables such as the pacing of the task, whether the task consisted of spaced or
massed practice, stage of learning, and the like; and a content facet indicated
whether the task consisted of verbal, numerical, or spatial stimuli. Jensen
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proposed that his taxonomy could be used as an aid in interpreting some
research findings, such as why arbitrarily selected learning tasks do not inter-
correlate very highly (answer: because they do not share any facet values). He
hoped that his taxonomy would suggest a more systematic approach to selecting
learning tasks for future studies, but there is not much evidence that researchers
have subsequently followed his suggestions.

Gagné’s taxonomy (1965, 1985), on the other hand, has been widely
taught and put to use in the area of instructional design (Gagné and Briggs,
1979). Gagné proposes five major categories of learned capabilities based on a
rational analysis of common performances characteristics. Intellectual skills (pro-
cedural knowledge) reflect the ability to use rules; this capability in turn de-
pends on the ability to make discriminations and to use concepts, and rules
themselves combine to form higher-order rules and procedures. Cognitive strate-
gies (executive control processes) reflect the ability to govern one’s own learning
and performance processes. Verbal information reflects the ability to recall and use
labels, facts, and whole bodies of knowledge. Motor skills and attitudes are two
additional learned capabilities Gagné includes to round out the list.

These categories serve various purposes. During task analysis, they assist
the investigator in defining and analyzing instructional objectives and in evalu-
ating an instructional system to determine whether its objectives have been met.
For example, if the goal is to have the student acquire 2 conceptual skill, then
the objective that the student be able to discriminate one thing from another may
be indicated. In the design phase, the categories suggest different approaches for
delivering instruction, since, according to Gagné, the five capabilities differ in
the conditions most favorable for their learning. For example, with verbal
information, order is not important but providing a me:mingful context s,
whereas for motor skills, providing intensive practice on part skills is critical.

All these taxonomic systems, Gagné’s in particular, are beneficial, but it is
important to acknowledge their limitations. One problem inherent in this
approach is the degree to which it is subject to imprecision, which makes for
communication difficulties and violates one of the main motivations for devel-
oping the taxonomy in the first place. Without a strong model of learning
requirements in a task, and without a foundation of empirical relationships, task
analysis is still primarily an art rather than a technology.

A second major problem with the rational approach was apparent to Mel-
ton (1964, 1967), who, in fact, argued that it be abandoned. The problem is that

¢ based primarily on a rational analysis of task characteristics

a taxonomic schem
will only incidentally include actual psychological process dimensions. And
t important aspect

presumably the process dimensions are what govern the mos
of the taxonomy: information regarding predicted task-to-task generality. Mel-

d that while the task-based approach might be initially useful, it

ton suggeste y 1
was preferable ultimately to base the taxonomy on process characteristics rather
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than “a mish-mash of procedural and to
verbal, ‘central’) criteria” (p- 336). Althou
have actually suggested replacements to th
later how cognitive scien

pographic (ie., perceptual, motor,
gh it was preliminary at that time to
o the task-based categories, we will show
¢e now provides suggestions for what they might be.!

Correlational Taxonomies

e e oy g, T ot b domin of s il
be seen largel asyan aEt)tema ¢ 3 151’50"Y ox lndlvfdual-c!lﬂ‘ercnces research can
- pcrforman):;e cor;claﬁoﬁ t((')r hcvc Op taxonomies of intelligence tests based
attempts to develon onilis t;x ur§t011;,] 193_8). and thcrx': have been some
Unibe 30 sevel garm” 197;n;rr;:cs o carning tasks (Allison, 1960; Malmi,
1978). » s s Stake, 1961; Underwood, Boruch, and Malmi,
appr(';l;}cl LO:rsjs::zn;c}rg:éizcmh l:ias olnc criti(fa_l ;fivantagc over the rational
the transtorabilivy of Jilh amony cv}:: opment: it irectly addresses the issuc of

: skil g tasks. That is, if we know that performance
on learmng task X i1s highly correlated with performance on task Y, then a
narural proposal is that a high proportion of the skills required by task X are also
required by task Y. Further, training on task X should transfer at least somewhat
to task_ Y. 'l_‘hqs patterns of correlations among performances on learning tasks
Cj(:"ﬁd in principle be the basis for the construction of a taxonomy of learning
skills.

A very closely related idea— that individual differences investigations
could serve as acid tests in constructing general theorics of learning — was
developed by Underwood (1975). His proposal was that if a theory assumed
some mechanism, and the mechanism could be measured in a context outside
that in which it was initially developed, then the viability of the mechanism
could be tested by correlational analysis.

These ideas were applied in an ambitious investigation that cxamined the
intercorrelations among a wide variety of verbal memory tests (Underwood,
Boruch, and Malmi, 1978). The purpose was to determine whether theoretical
notions developed in the general (nomothetic) learning literature, such as the
idea that memories have imaginal and acoustic attributes, or that recognition
processes are distinct from recall processes, could be verified with an individual-
differences analysis.

Memory-task stimuli were primarily words. In some tasks words were
randomly selected, but in others words were chosen to elicit particular psycho-

"It is historically interesting that it was at Melton’s 1963 conference that Fitts (1963) proposed a
highly process-oriented ta y of psych skills which was only much later adapted by
Anderson (1983) as the basis for a cognitive learning theory.
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logical processes. For example, concrete and abstract words were mixed, under
the assumption that recall differences would reflect the degree of imagery
involvement. Words were embedded in various kinds of memory tasks (paired
associates, free recall, serial recall, memory span, frequency judgment). It was
cxpected that clear word-attribute factors would emerge, thus supporting cer-
tain theoretical notions regarding properties of memory; however Underwood
and colleagues discovered two somewhat unanticipated results. First, most of
the variance was duc to general individual differences in associative learning;
only a small percentage was due to any subject-task interaction. Second, the two
factors that did emerge were not associated with word attributes, as might have
been expected, but with type of task (free recall versus paired associates and
serial learning); but even this apparently is not a robust task division. A follow-
up study (Malmi, Underwood, and Carroll, 1979) found the same evidence fora
general associative-learning factor, but the two extracted factors split tasks in a
slightly different way (free recall and serial learning versus paired associates).

What is the implication for a taxonomy of learning skills? Association
formation rate apparently is a general and perhaps fundamental learning param-
cter. It may be that further subtle distinctions could be made among types of
association formation, but the evidence in both these studies suggests little
practical payoff in searching for such distinctions.

Underwood and colleagues were primarily interested in memory per se,
and thus their tasks represent a fairly narrow range of learning. A useful
complement to their analysis would be a study that more systematically sampled
learning tasks from somecthing like Melton’s or Gagné’s taxonomy. In this
regard we consider a pair of studies by Stake (1961) and Allison (1960), who
administered a diverse variety of learning tasks to large samples of seventh
graders and Navy recruits, respectively. Allison’s learning tasks were four
paircd-associates tasks (verbal, spatial, auditory, and haptic stimuli); four con-
cept-formation tasks (spatial and verbal stimuli); two mechanical assembly ta.sks
consisting of a short study film followed by an assembly test; a maze-tracing
task; a standard rotary-pursuit task; and a task that involved learning ho‘w to plot
quickly on a polar coordinates grid. Stake’s learning tasks were listening com-
prehension (repeated study-test trials of the same story), free recall (words,
numbers), paired associates (words, dot patterns, shapes, n.umbcrs), v_c:rbal con-
cept formation, and maze learning. In both studies a varicty of aptitude tests
were also administered. _

The original analyses of these data were somewhat problematic (see Cron-
bach and Snow, 1977), but a reanalysis conducted by Snow, Kyllonen, and
Marshalek (1984) using multidimensional scaling (MDS) n':vca]cdva nUfnber o}f
dimensions by which the learning tasks could be org'amzet%. First, 1!; bot
studies, learning tasks varied systemau'ca”y in corrfplexity, ’]'"hls was indicated by }:w}‘:
findings: the learning tasks varied substantially () in the degree to whic
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of executive control processes such as goal monitoring.

$ccond, in both analyses there was evidence for a novel ve ili
learning task dimension, which Snow and associates int q rsus famt_mr
the classical distinction between fluid d e T oy pORtE
1971), but which might also be s o CFYStal!lzcd mlfcl!lgeflcc {Carcell
inductive and rote learning. In the ;\:lcln " Suplpo'rtmg ; d.lstmctlon. Lefmesn
and some of the conce t-fg(;rmation t llscon o yS:jS, ey o o sk
configuration. The conicpt formatio;xas tS i‘(PPcarC tioned e fha scall'ng
repeatedly used the same stimuli, thus aSl_)sl'so p;:Slthncd vrets oSk which
rote strategy. On the other hand e cmbl ing lt( c s:cccssful use of a purely
which required subjects to asscn;blc asscm Ve SR HIE el plothg gk,

: new solution procedure essentially from
scratch, appeared on the opposite side of the configuration.

The MDS analysis of the Stake (1961) data (learning rate scores) similarly
suggested a fluid-inductive versus crystallized-rote dimension. Listening com-
prchension, verbal paired-associates, and verbal free-recall tasks appeared on the
crystallized side of the configuration. The verbal concept-formation task along
with the spatial and number pattern paired-associates tasks, which were partially
amenable to an inductive learning strategy (response patterns could, but did not
have to be induced), fell on the fluid-inductive learning end.

The reanalysis by Snow and colleagues thus provides a number of ideas that
could facilitate taxonomy devclopment. In particular it suggests task complexity
and learning environment (inductive-novel task versus rote-familiar task) di-
mensions. Does this suggest we ought to continue along these lines to develop a
full taxonomy? Unfortunately, we see two problems with the approach. One is
simply practicality. Because of the time and expensc involved in collecting data
on performance of learning tasks, which typically require many more subject
hours than do other cognitive measures, there have not been the same kind of
large scale empirical analyses of learning-task batterics as there have been of
intelligence-test batteries (although data sets reviewed in Glaser, 1967, and
Cronbach and Snow, 1977, could be reanalyzed along the lines of the Snow ct
al. approach). Even with the well-designed studics Snow and colleagucs rcana-
lyzed, there is considerable underdetermination of process dimensions because
not enough varicties of learning tasks were administered by Stake and Allison.
Thus, although the dimensions that are revealed in the reanalysis by Snow and
colleagues arc suggestive, they certainly do not scem a sufficient basis for

1es
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proposing a taxonomy of learning skills. It might take more like a few hundred
diverse learning tasks to be able to sce something that might serve as the basis
for a truc full-blown taxonomy. Obviously, such a study would be prohibitively
expensive.

A second problem with the correlational approach to taxonomy building is
one inherent in a purely bottom-up approach to theory development. That is,
on what basis should learning tasks be selected for inclusion in a battery that is
to be analyzed? Factor-correlational structures or categories directly reflect the
nature of the tasks included in the analysis and only those tasks, and thus the
empirical approach is inherently analytic and in some sense conscrvative. Cor-
relational analyses certainly may be uscful for initial forays or purely exploratory
work in suggesting underlying relationships among tasks that might not have
been anticipated at the outset. But it cannot be complete in any sense. One
cannot simply be carcful to “sample a broad range of tasks.” A sampling scheme
for choosing tasks already implies a taxonomy. Clearly, some means for generat-
ing original taxonomic categorics is required.

Information-processing Model-based Taxonomies

The two classes of learning taxonomics thus far discussed have their roots in
two different schools of thought— behaviorism in the case of rational taxono-
mies, psychometrics in the case of the empirical-correlational taxonomies —
that historically precede modern cognitive psychology. One unfortunate side
cffect of the cognitive revolution had been a decline of interest in learning
phenomena. Until the mid 1960s, when behaviorism was still largely predomi-
nant, learning issues held center stage. With the subsequent rise of cognitive
psychology and the information-processing perspective, theories of memory
and performance came to dominate. Only recently has there been a rather
sudden and dramatic upsurge of interest in learning from an information-pro-
cessing perspective. Although many of the same issues remain, these sccond
looks at learning through newer theories (Anderson, 1983; Rosenbloom and
Newell, 1986; Rumelhart and Norman, 1981) have resulted in a richer theoret-
ical picturc of lcarning phenomena.

Corresponding to this rise of interest in learning, there have been proposals
for model-based categories or taxonomies of learning types. These attempts
differ from the correlational taxonomies in that they have not yet been com-
pletely validated, at least not as taxonomies of lca.rning skills. However, we do
sce correspondences between some of the dimensions that have cwcrgcd in the
correlational analyses and some of the proposed learning mechanisms and cate-
gorics, which we will point out as we go along. The mod.cl-bascd taxonomics
differ also from the rational taxonomies in that they arise not simply from
speculation and rational task analysis (although they certainly incorporate such
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methods) but from systematic information-processing models of learning that
have been demonstrated to be specified to a degree of precision sufficient for
implementation as running computer programs. Thus taxonomies in this cate-
gory are those investigations that have entailed the use of computer simulation
of learning processes as a means of developing learning theory.

One model-based taxonomy is suggested by Anderson’s (1983) ACT*
(Adaptive Control of Thought) theory. The theory proposes two fundamental
forms of knowledge. Procedural knowledge (knowledge how) is represented in the
form of a production system, a sct of if-then rules presumed to control the flow
of thought. Declarative knowledge (knowledge that) is represented in the form of
a node-link network of propositions, which are presumed to embody the con-
tent of thought.

The ACT?* theory, in its most recent formulation (Andcrson, 1983; 1987a),
specifies three basic types of learning, one to accommodatc declarative (fact)
learning, one specific to procedural learning, and once applicable to both types.
Lcarning in declarative memory is accomplished solely by the probabilistic
transfer to long-term memory of any new proposition (that is, a sct of related
nodes and links) that happens to be active in working memory. It is worth
noting that the finding of Underwood and colleagues (1978) of a broad and
general associative-learning factor lends empirical support to Anderson’s claim
for a single declarative-learning mechanism.

A second learning mechanism, knowledge compilation, accounts for proce-
dural lcarning. Knowledge compilation actually consists of two related pro-
cesses. Learning by composition is the collapsing of scquentially applied produc-
tions into onc larger production. This corresponds to the transition from
step-by-step execution of some skill to one-pass (all-at-once) execution. Learn-
ing by proceduralization is a related process in which a production becomes
specialized for usc in a particular task. This corresponds to the transition from
the use of general problem-solving skills to tackle novel problems to the
employment of task-specific skills, tuned to the particular problem at hand.
Anderson’s third learning mechanism, strengthening, operates somewhat analo-
gously to the traditional learning principle of reinforcement. Both facts and
procedures are presumed to get stronger and hence more easily and more
reliably retrieved, as a function of repeated practice.

To appreciate Anderson’s theory, it is important to note that it models the
dynamics of skill transition, and is not simply a list of the different ways in

which learning can occur or a categorization of learning tasks. The basic idea is
that upon initial exposure to novel material, such as a geometry or computer-
programming lesson, the learner first engages in declarative learning, forming
traces of the various ideas presented. Then, when given problems to solve later
in the lesson, the learner employs very general methods such as analogy,
random search, or means-ends analysis, which operate on the declarative traces
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to achieve solution. Employing these very general methods is cognitively taxing
in that it severely strains working memory (to keep track of goals and the
relevant traces), and thus initial problem solving is slow and halting. But
portions of the process of using these general methods and achieving particular
outcomes (some of which actually lead closer to solution) arc automatically
compiled while they are being executed. This is the procedural learning compo-
nent. The learner cssentially remembers the sequence of steps associated with
solving a particular problem, or at least parts of the problem. Then when
confronted with the problem again at some point in the future, the learner can
simply recall that sequence from memory, rather than have to rethink the steps
from scratch. With practice on similar problems, the compiled procedure is
strengthened, which produces more reliable and faster problem solving. With
continued practice, the skill ultimately is automatized in that it becomes possi-
ble to cxccute the skill without conscious awareness and without drawing on
working memory resources.

Again therc may be a correspondence between an individual-difference
dimension and a distinction implicit in the model-based taxonomy. Snow and
collcagues’ novel learning tasks, presumed to tap fluid intelligence, may be
likened to the novel learning situations that Anderson studies, which presum-
ably tap very general problem-solving skills. On the other side, Snow and
collcagues’ familiar learning tasks, which call on crystallized skills, can be
characterized in ACT* terms as engaging the declarative learning mechanism or
involving the retrieval of already compiled procedures. It is noteworthy that
despite rather major differences in methodology inherent in the individual-dif-
ferences versus model-based approach, there is some convergence in the catego-
rics of learning skill. Although Andcrson (1983, 1987a) views the emergence of
the learning dimension as the result of the transition of skill, rather than perhaps
as an array of fundamentally different kinds of learning tasks, there is a basic
compatibility between the conclusions of the rescarch approaches.

A sccond approach to building a model-based taxonomy is based on an
integration of the literature from the artificial intelligence subspecialty of ma-
chine learning. Investigators have proposed taxonomies of research in machine
lcarning (Carbonell, Michalski, and Mitchell, 1983; Michalski, 1986; Langley,
1986; Self, 1986), and there even exists something of a consensus in the field
regarding the categorics in the taxonomy.

One dimension of machine-learning research particularly relevant to our
concerns here is learning strategy, which Michalski (1986) defines as the type of
inference employed during learning, and which he characterizes as follows:

In every learning situation, the learner transforms information provided by a
tcacher (or environment) into some new form in which it is stored for future use.
The nature of this transformation determines the type of learning strategy






