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The Strategic Basis of Performance in Binary Classification Tasks:
Strategy Choices and Strategy Transitions
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Three experiments were conducted using a probe procedure in binary classification tasks to track
strategies and strategy transitions over blocks of trials and to determine the effects of task difficulty
(easy or hard classification rule) and task rule familiarity (artificial rule or natural language rule) on
classification performance and strategy use. Two primary response strategies were identified, one
based on the use of a classification rule and one based on the retrieval of instances from memory.
There was clear evidence of rule use during the early trials, but this rule strategy eventually was
replaced by the instance strategy except when the easy natural language rule was in effect. Response
time speed-up followed a power function that was specific to the strategy in @s@99 Academic Press

Researchers have come to accept the idea thatd Rickard (1997), in studies of pseudoarith-
performance in any learning or memory tasknetic performance with adult participants,
might be governed at different times by differ-agreed that an algorithmic (rule-based) ap-
ent underlying mechanisms. Siegler and Jenkipsoach to answer production is required anc
(1989), for example, examined the performancesed on initial problems but is replaced by di-
of young children as they learned basic singlecect answer retrieval as participants become
digit addition, observing that performancemore skilled at the task (see also Palmeri, 1997)
changes that occur with practice reflect a tranFhese theorists differ, however, as to whethe
sition from the use of a counting algorithm (orthe two bases of performance, rule-based re
rule) for computing the answer of a given adsponding or instance memory, are attempted i
dition problem to the retrieval of answers di-parallel (Logan, 1988), with the faster proce-
rectly from memory. Similarly, Logan (1988) dure coming to dominate performance, or are
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learning) when the number of instances pemetention interval, from remembering at short
category is small (less than five) but rely on théntervals to knowing at longer intervals, using
formation of a prototype (in this case essentiallgn adaptation of the Tulving remember/know
a rule) to assign instances to that category whentrospective technique. Note that in all of these
the number is large. Further, in the Homa et atases, the transitions observed, instance to ruls
study, participants appear to begin the learninare essentially the reverse of the one reported b
task with an instance approach, making a trah-ogan (1988) and Rickard (1997), which in-
sition to a prototype-based approach when anwlves a change from rule-based to instance
if the number of instances becomes large (sdmsed responding.
Smith, Murray, & Minda, 1997, for more recent Thus, apparently learners can and do chang
evidence on the transition to prototype-basethe basis of performance in a learning or mem:
responding). (Note, however, that Busemeyeory task as experience with or practice on the
Dewey, & Medin, 1984, and Shin & Nosofsky,task proceeds. The research just reviewed doc
1992, demonstrated that prototype abstractiarmented unidirectional transitions either from
mechanisms may not be needed to explain theade to instance or instance to rule. It is not
results.) This putative transition from instanceinconceivable (see Anderson, Fincham, &
based to rule-based performance also resembl@suglass, 1997) that multiple transitions might
the transition from specific bigram and trigrantake place over learning trials or over retention
knowledge to grammaticality as a basis for catintervals in some cases. That is, as in the tas
egorizing instances of an artificial grammansed by Homa et al. (1981), participants might
(e.g., Meulemans & Van der Linden, 1997). Irbegin with a rote learning strategy that gives
still other domains, Harvey and Andersorway in time to a rule covering the correct re-
(1996; see also Lundy, Wenger, Schmidt, &ponse for all instances. But later still, as the
Carlson, 1994; Singley & Anderson, 1989) havearticipant becomes thoroughly familiar with
argued for the presence of a composition pradhe complete and delimited stimulus domain,
cess, which produces a transition between dedle-based performance might give way to di-
clarative and procedural bases of response, pa&ect instance retrieval, as in the tasks used b
alleling the transition from instance memory td_ogan (1988) and Rickard (1997). To date,
rule use. there is no direct evidence for multiple, bidirec-
In verbal memory tasks, Tulving (1985) andional strategy transitions within a single task.
others (e.g., Gardiner, Gawlik, & Richardsonindirect evidence of such multiple strategy tran-
Klavehn, 1994) used an introspective reportingitions can be found in a recent study by Ander-
technique to show that correct recognition ofon et al. (1997), who proposed a multistage
previously-seen words sometimes depends anodel of cognitive skill acquisition which pro-
explicit remembering of those words but awides a theoretical rationale for expecting these
other times is attributed to a mere feeling ofransitions based on the relative speed and a
knowing. Tulving (1985) argued that remem-curacy with which the different strategies can be
bering and knowing are functionally indepenemployed in a given task. The models of Logan
dent routes to the correct response in a recdll988) and Rickard (1997) might also be ex-
task, the former being more akin to instancéended to accommodate multiple strategy tran
(episodic) knowledge and the latter to (semarsitions in circumstances in which the learner,
tic) knowledge of rules or concepts. These studather than being given the rule (algorithm) for
ies not only identified different bases of retesponding, is required first to discover it. Nei-
sponse in the same task, but also implied ther Logan nor Rickard has as yet reported sucl
possibility of transitions over time or over prac-an extension, however. In any event, this issu
tice from one basis to another. Indeed, recentlys worth pursuing, because a demonstration o
Conway, Gardiner, Perfect, Anderson, and Canultiple transitions is the kind of tour de force
hen (1997) demonstrated a transition in the reéhat makes it clear that learning is not simply a
ported basis of course content knowledge overraatter of just one fundamental kind of under-
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lying process, as suggested, for example, Hy7 to the direct retrieval of its product, 391,
Logan and Stadler (1991) and by Kramerafter many closely spaced repeated present:
Strayer, and Buckley (1990). tions. These findings by Rickard and by
Strategy shifting raises another importanDelaney et al. not only challenge the applica-
theoretical issue. Newell and Rosenbloonbility of an overall Power Law to skill acquisi-
(1981) proposed a Power Law of Practice ttion data, but also serve to validate the existenc
account for the process of acquiring skill in anyf separable strategies and the use of stratec
task. The Power Law formalizes the relationprobing as a means of identifying them. They
ship between trials of practice and time to makkave open the possibility, however, that, undei
a correct response as a power function whos®me circumstances, power functions for distin-
general form is: guishable strategies might converge, as th
learner develops disproportionately greater skill
T=AN#, [1] with one of the strategies. The results of the
present experiments speak to this possibility.
. . . . Our initial goal in this research was to create
whereT is response time on any trifl, A is e . . :
response time on Trial 1, and is a rate of a cla_s_3|f|cat|on Iear_nlng task in which strategy
change parameter. Thus, the relationship btr_ansmons are fea5|ble_ and to developa_metho«
tween response time and trial number is linear tracking them. In t.h's gtudy, we consider the
in log-log coordinates, use o_f a rule, of_prlor mstance_s, or of pure
guessing to be different strategies for such e
task, adopting essentially the same logic a:
logT =log A — B log N, (2] Tulving (1985) and Conway et al. (1997) for
defining recall performance strategies or
which provides a convenient though informaDelaney et al. (1998), Rickard (1997), and Reh-
test by inspection of the theoretical fit. Poweder and Pennington (in press) for defining algo-
Law theory implies a general, systematic prorithmic and instance-based strategies in calcu
cess underlying improvement in performancdational tasks. By “strategy” we mean whatever
Strategy changes, if they exist, would challengprocedure a participant identifies, retrospec.
that assumption and might produce significarttvely, as the source of a classification response
variations in performance from a single monoagain following the logic of Tulving (1985),
lithic power function. Indeed, Rickard’s (1997)Rickard (1997), Delaney et al. (1998), and oth-
evidence for an algorithm to instance retrievagrs. “Strategy” might not be quite the right term
strategy transition in pseudoarithmetic is in paitbecause it implies deliberate planful behavior
dependent on significant deviations in perforever a series of trials or problem-solving at-
mance from an overall power function fit to histempts, whereas we measure performance on
data, coupled with close power function fits tdrial-by-trial basis. But is it not inconsistent with
the data from each strategy separately. A simildhe way the term has been used recently b
finding has been reported more recently bgthers (e.g., Rickard, 1997; Delaney et al.,
Delaney, Reder, Staszewski, and Ritter (1998)998). In addition to these introspective reports.
in double-digit multiplication. It is noteworthy we use the separability of strategy specific
that in both of these cases, the power functiopower functions for response times as addi-
fits for the two separate strategies differed onltional evidence for the selection and use by
in intercept (i.e., in mean response time), not iparticipants of different bases of response or
slope, and the observed transitions were fromifferent trials.
the slower to the faster strategy. The overall We needed a small and well-defined popula-
mean response time differences between straten of stimuli and a set of associated classifi-
gies in these experiments were large, whichation responses which might either be memo
should be expected as performers transitiofzed or be organized by a rule. We chose to ust
from answer calculation for a problem like 23 initially 12 strings of three letters each as the
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stimuli, 6 of which were successive letters obome participants. Indeed, the operable rule
the alphabet when put in proper order (e.gmight never be identified by some participants.
HGF) and 6 of which were not successive (e.gQr, if it is identified and used, participants might
FGJ). These stimuli were presented one at ravert to instance use as the limited number o
time, in random order, and the participant, noinstances are repeated many times over a lon
knowing the rule at the outset, was asked to giveeries of trials. We expect that the strategy
a “classification” responsealid (for alphabetic participants eventually adopt should be the one
stimuli) or invalid (for nonalphabetic stimuli), that allows for most rapid correct responding.
to each. Feedback was provided after each stirexperiment 1 was designed in part simply to
ulus and response. The participant was told thdetermine what actually happens in this set o
there were several ways of responding coircumstances.
rectly, viz., by guessing, by remembering the In fact, the results of Experiment 1 demon-
classification of a particular stimulus instancetrated the adequacy of this procedure to pro
from a previous trial, by knowing the classifi-duce different response strategies, to allow fol
cation by means of a rule, or by some othestrategy transitions, and to reveal interesting
means. After each stimulus, response, and feeblationships between strategy usage and spee
back combination, participants were asked tand accuracy of classification responses. Th
indicate the strategy used for or the basis ajutcome of Experiment 1 raised further ques-
their response—guess, instance, rule, or othdions. First, many but not all participants dis-
We expected performance, measured by proparevered and used the alphabetic rule (i.e., valic
tion of correct responses over blocks of trialstrings consisted of successive letters of the
and by response time, to improve monotonialphabet when put in proper order). But, al-
cally. The idea was to relate any systematithough it was simple on the surface, the rule
characteristics of strategy reports to these meaither eluded some participants or was more
sures of performance. difficult to use than instance memory. Overall
The initial experiment was intended to profesponse times were faster on instance-base
vide evidence on the reliability and validity oftrials as contrasted with rule-based trials. If we
the strategy report procedure. As a check otreate a task based on an even simpler rule, w
reliability, we wanted to determine whether alimight enhance rule usage. The examination of :
or most participants produced the same pattesimpler rule is especially interesting in light of
of overall performance and strategy use over aan argument by Anderson et al. (1997) tha
extended series of trials. As a check on validityinstance retrieval “is even more direct and faste
we examined the relationship between stratediian production rule use” (p. 945). To the con-
use and overall performance to assess certdiary, rule use might be more direct and fastel
expectations about strategy transitions. In pathan instance retrieval in the case of some ver
ticular, we expected that participants mighsimple rules.
guess at the outset, but that guessing shouldSecond, the task of Experiment 1 used &
vanish over early blocks of trials as participantselatively artificial rule and stimuli, as was the
memorized certain stimulus—response combinaase in the study by Anderson et al. (1997).
tions or found an organizing rule. Note that thisRule usage might be more common in familiar
task lends itself to guessing, to rememberingr naturalistic tasks. It seemed appropriate
instances, or to generating answers by rule, bthierefore to compare the letter string task to one
to little else. Therefore, we expected the “otherin which a commonly used linguistic rule pro-
strategy option to be chosen minimally throughvided the basis of performance. For Experimen
out practice. On the basis of prior work, one, we chose the normative rule for pronouncing
might expect participants to adopt a rote learrthe definite articlethe, either as “thuh” or
ing approach initially, but to make a transition‘thee.” This rule, according to virtually all En-
to rule use, if and when a rule was identifiedglish dictionaries and grammar books, is: Use
But such a transition might never occur fothe pronunciation “thuh” with the schwa pho-
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neme 4/ before words (adjectives or nouns)wvas unclear. On the basis of prior work, one
that begin with a consonant sound, and “theeghight expect participants to adopt a rote learn-
with the phoneme /i/ before words that begiring or instance memory approach initially
with a vowel sound. This rule is especiallyf(Homa et al., 1981), make a transition to rule
interesting because, although used consistentlge, if and when a rule was identified, and ther
by most native speakers of English, it appeansossibly return to instance memory with ex-
never to have been explicitly taught or learnetended practice because the number of instance
by most individuals, who prior to any explicitto remember is small (Logan, 1988; Rickard,
training or feedback treat it more in terms 0fl997). Experiment 1 was designed to determine
instances (or instance fragments) than as a swwhat participants actually learn and do in these
gle, abstract rule (Healy & Sherrod, 1994). Theircumstances.
outcome of Experiment 2 suggested the further We did not ask the participants to verbalize
examination of a somewhat more difficult lin-any strategy they used, rule-based or otherwise
guistic rule, the rule for distinguishing countbut rather required them to select one of four
from mass nouns in the English languagestrategy options after each classification re-
which we used in Experiment 3. sponse, which is similar to the memory-probing
Overall, the goal of these experiments was tprocedure of Conway et al. (1997) and the strat
study the relationship between strategy usagmy-probing procedure of Delaney et al. (1998).
and measures of performance in both simple addition, on occasion, we required partici-
and difficult and artificial and naturalistic (i.e.,pants to respond to novel stimuli inserted into
unfamiliar and familiar) classification learningthe trial sequence, both as a check on the stra
tasks, to identify some of the empirical characegy-probing procedure and as a measure of th
teristics of strategies and strategy transitions, @eneralizability of any rule that the participant
explore the generality of these empirical findmight have acquired. Note that instance-base
ings, and to examine the results in the light ofeneralization was possible but was minimizec
contemporary theoretical models for strategpy using novel stimuli that were highly dissim-
choice and strategy-response relationships. ilar to the training stimuli.

EXPERIMENT 1 Method

The aim of Experiment 1 was to check on the Overview and designEach participant was
feasibility of a straightforward, although some+rained on a single set of 12 strings of three
what artificial classification learning task as detters (e.g., HGF) presented one at a time re
method to demonstrate strategy-based perfgueatedly over 30 blocks of practice. A block is
mance, strategy transitions, and strategy-perfodefined as one presentation of each of the 1.
mance relationships. As noted earlier, this tasstimuli in a random order. Participants were
allows for a variety of strategy possibilities,asked to indicate whether each letter-string i
which include guessing, trying to remembefvalid” or “invalid” and each response was fol-
particular instances, and formulating a concepowed immediately by (correct/incorrect) feed-
or rule for knowing the answer. Do participantdack. Validity was determined by a rule un-
adopt a single strategy, instance, or rul&nown to the participant at the onset of the
throughout practice? Do they start with onexperiment. By the rule, a letter-string is valid
strategy, but later shift to another? Do thewnly if it can be rearranged to correspond to a
show multiple transitions between strategies®equence of adjacent letters in the alphabe
With practice, we expected most if not all par{e.g., HGF is valid because it can be rearrange
ticipants to gravitate toward either rule usage aas FGH). By this definition, six of the letter-
instance memory, although, because the twairings were valid and six of the letter-strings
strategies do not seem to differ in difficulty aswvere invalid. Also, every third block of practice
widely as they do in mental multiplication (i.e., every 36 trials) was followed by a novel
(Delaney et al., 1998), which would dominatestring of three letters. For the 10 novel stimuli
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that were used, five were valid and five were ples (that is, they are not part of the secret code and
invalid. Responses to these novel stimuli were ey convey no information). It is your job to learmn
also followed immediately by feedback. Partic- Nich letter strings are meaningful (alid) and

. . which strings are not meaningful (amvalid). Note
ipant strategies were probed after the feedback y, your job is not to try and guess what each string
was presented on every trial to determine means. Rather, you are simply to learn which strings
whether they (a) guessed, (b) used a rule, (c) are valid and which are invalid. There may be a
remembered the answer to the particular in- relatively .simple.rule' whigh will discri.minat'e be-
stance from a previous trial, or (d) did some- "Wee" ‘:ﬁ."d ta”s 'g"a"d strings snd gvlh'ih ‘IN'" hetlr?

. o ou in this task. Or, you may be able to learn the
thlng else (Other’ unspecmed). The dependent )clorrect response by si)r/nply mgmorizing which strings
measures were the response times, the propor-are valid and which are invalid. Whether you discover
tion of correct responses, and the strategies re-a rule or not, the overall goal is to perform as quickly
ported for training and novel stimuli. gnd accurately as possible on each s_tring. After_ mak-

Participants. Twenty volunteer undergradu- "9 YOur response to each letter string, you will be
ate college students participated for credit in an asked to indicate which of the foIIowmg strate_g|es
) you used to respond. Your strategy options will be
introductory psychology course. “Guess,” “Rule,” “Remember,” or “Other.” You

Materials and apparatusFour Zenith per-  should select the “Guess” option if you made your
sonal computers and four Zenith monitors were response having no idea whe'ther.the string was valid
used in conjunction with the Micro Experimen- ©F not. Select the “Rule” option if there was some

. aspect of the letter string, taken as a whole, which led
tal Laboratory (MEL) _progr_am \_/1'00 (SChn_el' you to believe that the string was or was not valid.
der, 1988) for presenting stimuli and tabulating you should select “Remember” if you simply remem-
data. Stimulus items were chosen pseudoran-bered that the string was or was not valid based on an
domly with the following constraints. All of the  earlier experience with it. Select “Other” if none of
letters used were alphabetically greater than E the first three strategles applies. Note that whether

you get the answer right or wrong should not influ-
and less than X. E_a(_:h letter was used once ence the strategy that you choose for that trial. Here
across the set of valid items and once across theye are interested in the strategy that you used, re-
set of invalid items (so that participants would gardless of whether it produced the correct answer.
not be able to use the presence of individual Most of the letter strings will appear in every block of
letters as the basis of string classification). For the experiment. Occasionally, though, a new string
the invalid items, there were no more than two MY @PPear thatyou haven't seen before.
missing letters between each pair of letters iBesults and Discussion
the string when the three letters are arranged In
order. Participants used specially marked keys The proportion of correct responses per block
to indicate whether a stimulus was valid oof training ftrials increased significantly,
invalid and to select one of the four strategy-(29,551) = 17.12,MS, = .15, p < .01,
options on each trial. from about chance in Block 1 to around 95% by

Procedure.Participants were tested individ-the end of practice, as shown in Fig. 1. Change:
ually or in pairs (with each participant in a pairin strategy use underlying this improvement in
using a different computer) in quiet rooms, fre@ccuracy, in contrast, were quite complex. An
from outside distractions. The instructionsanalysis of strategy selection that includes all
which outlined the procedure in detail, werdour strategy options creates a potential problen
read aloud to the participants: of nonindependence because participants mu:

Today's experiment explores basic learning pro- select one and o_nly one strategy on each trial

cesses. You will be presented with strings of three 1hUS, increases in the use of one strategy nec

letters presented one at a time on a computer. During €ssarily force a reduction in the use of one or
the experiment, you will see each of twelve letter more of the other strategies. To mitigate this
str!ngs several times. You can think of these letter problem, our analysis of variance includes only

strings as examples of a secret spy code. Half of the . . .

strings are meaningful examples of the secret code ,the two mos_t ImereSt!ng strategies, .rUk?_ anc

(that is, they convey some information such as “all is iNstance. This analysis reveals a significan

well”). Half of the strings are nonmeaningful exam-  overall difference in proportion of use between
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FIG. 1. Proportion of correct responses per block of training in Experiment 1.

instance (.67) and rule (.183(1,19) = 39.64, these proportions, collapsed across all partici
MS, = 1.87,p < .01. It isworth noting that pants and training problems and plotted as ¢
the proportion of use was lower for the guessinfunction of block of practice. Although all par-

(.14) and other (.02) strategies. Figure 2 showipants guessed initially, many participants
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FIG. 2. Proportion of trials within each block of training on which participants reported each strategy in
Experiment 1.
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FIG. 3. Response times for correct responses trials during training as a function of block and the strategy
reported, rule, or instance in Experiment 1.

discovered and used the alphabetical rule withidata obscures another strong relationship be
the first three blocks (36 trials). However, bytween performance and strategy use. The dat
about Block 6, rule use began to give way to afor each participant were divided into those
instance strategy so that by the end of 30 blocksals on which the rule was reported and those
of practice, participants relied on their memoryn which instance memory was reported, using
for instances almost exclusively. The Strateorrect responses only. There is a speed-up prc
egy X Blocks interaction was significant,cess over both types of trials, which is consis-
F(29,551) = 13.22,MS, = .07, p < .01. tent with a strategy-specific power law account
Clearly, the overall accuracy curve fails to reof skill acquisition (e.g., Rickard, 1997). Aver-
veal all the important changes in behavior thaaged over all participants contributing to a given
take place with practice. block, speed-up is approximately linear for each

The proportion of correct responses for thetrategy on a log-log plot, as shown in Fig. 3.
rule strategy (.971) was slightly higher than fo(Note that in these plots, the log values on eacl
the instance strategy (.958); an analysis of varaxis have been transformed back to norma
ance averaged across participants with blocks asale. Also note that not all participants contrib-
the random effect showed this difference not tated to all points because not all participants
be significant. Although the difference was unused both strategies on all blocks.) Best fitting
stable, it was largest in the early blocks after thénear equations are
participants had begun to report rule use with
some frequency (Blocks 7-14). log T = 3.443— .325 logN,

Consistent with accuracy changes across
blocks, response times decreased with blocks of r
practice. But this overall representation of the [3]

2 = 870 (for instance-based performance
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TABLE 1 (Other strategies were selected on less than 2¢

Proportion of Strategy Reports as a Function of all trials.) In an analysis restricted to the
of Stimulus Type (Experiment 1) guess, rule, and instance strategies, the intera

tion of strategy by stimulus type (novel and

Strategy training) is significantF(2,38) = 28.71,MS,

Stimulus type Guess Rule Instance — .0.7, p < .01. During training, guesses were
relatively infrequent except during the first

Training 14 18 67  block or two, but guesses were reported more
Novel 45 37 18 often than instance or rule strategies on nove

stimuli. Likewise, rule use was higher and in-
stance use was lower on novel stimuli relative to
log T = 3.534— .315 logN, f[ra.ining stimu!i,_all of which would be e>_<pected
if, in fact, participants generally recognized that
novel stimuli had not been seen previously. The
overall proportion of correct responses on the
[4] novel stimuli, all of which were unique and seen
) _ only once, was .64; this proportion did not
whereT is average response time for a block of\ a6 systematically or significantly over tri-
trials and N is the trial block number. The als,F(9,171)< 1. The total number of choices

sl_ope_s O.f these functlons_are nearly the SaMGs each strategy on novel stimuli, the proportion
differing in the second decimal place. But, ther%]c correct responses, and the mean respon:

is a substantial difference in intercepts, reflec&-.
. . ime on correct responses for each strategy ar
ing the fact that over all trials, responses were,

hown in Table 2. In an analysi ing novel
slower when the rule-based as opposed to the able an analysis using nove

. _ instances (i.e., items) as the random effect, wi
instance-based strategy was usedl,29) = found that rule-based performance producec
106.30,MS, = .002,p < .01, aswould be P P

expected if rule use is a less direct cognitivé'gmﬁc"’mtly more correct responses than dic

route to the correct answer than retrieval of thgwstance—based performance —and  guesse
instance representation (Anderson et al., 1997)(2,18) = 11.06, MS, = .04, p < .01,
(ThisF statistic used blocks, not subjects, as th¥hich is consistent with the conclusion that
random effect because, as mentioned earlier, \§@NY Participants acquired the correct rule. In 2
all participants contributed to the response timgimilar analysis, there was no significant differ-
functions for each block. Hence, to determin&Nc€ among the three most frequently use
whether there was a difference between the tw3jrategies in response times on correct re
strategies, we used the Block X Strategy inteSPONses,F(2,18) = 2.02, MS, = .01, al-
action as the error term.) The difference in meaffiough, consistent with the training trials, the
response time between rule and instance strat-
egy trials is, however, not nearly as large as the
differences reported by other investigators TABLE 2
(Delaney et al., 1998; Rickard, 1997) using Responses to Novel Stimuli (Experiment 1)
guantitative calculational tasks.
Novel stimuli provide a check on the validity Strategy
of strategy probing and an opportunity to exam-
ine the generalizability of the participants’ ac-

r? = .856 (for rule-based performange

Guess Rule Instance Other

quired knowledge at any point in the trainingrota) cases 89 73 36 2
sequence. Table 1 shows the proportion of triaksoportion
on which participants reported a guess, a rule-correct 46 .88 61 0

based response, or an instance-based respoﬁgtﬁeCt response 1019 2360 1670
on the training stimuli and on the novel stimuli__"™m® (" ™) na
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trend is for rule-based responses to be slowéa” and “an” is taught as a rule in school and is
than instance-based responses. used by adults with very few errors). According
to Keating, Byrd, Flemming, and Todaka
_ EXPERIMENT 2 _ ~ (1994), however, individuals who speak a stan-
EXperlment 1 demonstrated that, in an artlfldard American Eng“sh dialect genera"y, al-
cial classification learning task where correcihough not perfectly, conform to ththee/thuh
responses can be based on a simple determinigonynciation rule. Healy and Sherrod (1994)
tic rule that is not initially known by or de- 4nq that, when asked directly to choose be

scribed for the learner, overall performance imt'vveen the two alternative pronunciations, all

proves while participants simultaneously repor&)”ege students tested were individually some:
systematic changes in the basis of their re-

sponses. Are there analogous strate tranVY-hat inconsistent in their selections and con-
P ' 9 gy .?ormed to the rule on average only about 75% of

tions in a more naturalistic task where the rule |sh i This findina imolies that thi wural
simple and familiar and in some sense knowr{ € time. 1his finding implies that this natura

implicitly or explicitly, to the learner at the 'Ul€: though simple, is not known explicitly by
outset? One purpose of Experiment 2 is to adl'0St speakers and that individuals may even b
dress this question. There is another, more imkesistant to learning and using it under ordinary
portant reason to look for strategy transitions igonditions. Healy and Sherrod found, however.
a task different from the one used in Experimerfhat rule usage can be increased to nearly 100
1. We found in Experiment 1, as had Rickardy response feedback over training trials. We
(1997) and Delaney et al. (1998), that responggondered whether rule usage, encouraged b
times were significantly faster for the instancdeedback, might eventually give way, as in Ex-
strategy than for the rule strategy. It is possiblperiment 1, to instance-based performance
in this and in the experiments of Rickardwhen the number of instances involved in train-
(1997), Delaney et al. (1998), and others thahg (practice) is small.

participants simply reported “instance” when- Although the formal rule for thehee/thuh
ever their response times were more rapid. If sronunciation distinction is based on the classi:
the strategy data would not reflect different codfication of the initial sound of the word as a
nitive processes, or bases of response, but ijgwel or a consonant, Healy and Sherrod
stead they would only reflect perceived rer1994) have provided evidence that the rule
sponse times. If we use a task in which the rulgq a1y used by college students may be les
generates a more rapid response than instanggact and more variable. For example, ther

retrieval, then the foregoing possibility could b%vas evidence in the Healy and Sherrod data the

ellmlnated_. This is _z_another reason why WShdividuals based their pronunciation on the
chose a simple, familiar naturalistic rule as the ~ ..~ . S

) . Specific initial letters or syllables (e.g., individ-
task in Experiment 2.

We adapted the task used in Experiment 1 t%als might say “thee” before the letteor the

study changes by participants over trials in th3¥”able :n—) (;ather than the at()jstract c_a_tegone.s
pronunciation of the definite articlae used in of vowel and consonant sounds. Participants ir

conjunction with a small subset of EnglishiN® Present experiment might also use rule:
words. As noted earlier, the rule is to use th@ther than the formal classification-based rule
pronunciation “thuh” before words (adjectiveg®lthough we did not specify to participants the
or nouns) that begin with a consonant sound arf@ve! of rule that might be used, to distinguish
“thee” before words that begin with a vowelrule (knowing the answer) use from instance
sound. This rule was not specifically mentionedrfemembering the answer) use, we gave explici
in instructions to the participant nor is it com-instructions to respond with the instance strat
monly taught in school except in courses oegy only when they remembered a previous
English as a second language (although theccurrence of the same word in the trial se-
analogous distinction for the indefinite articlesguence.
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Method repeatedly over 30 blocks of practice, where

Overview and designEach participant was each bloc_k is one exposure to each of the 1:
trained on a single set of 12 stimuli consisting oyvords. Using the computer keyboard, they were

high-frequency words (nouns and adjective§f|d to select either the key specially marked

one at a time repeatedly over 30 blocks ofthUh” or the key specially marked "thee” de-

practice with feedback on each trial. A block iSoen(Ij(ijng on Whicg_Of tf;}ese prdonunciatio(rjls ther?
defined as one presentation of the 12 stimuli jjyould use preceding the word presented on th

a random order. Participants were asked to irpCreen. They were told that a grammatical rule

icts wnether I o hee” s th coreet ST WS PONTAe POt
pronunciation forthe if it were to precede the . gnt p
. . Ipful. However, the main goal was to learn to
stimulus word presented on the screen. Six o .
. . espond quickly and accurately to each word.
the stimulus words began with a consonan

taking the pronunciation “thuh,” and six of the fter each response, the participant was told tc

. . . expect two messages on the screen, the fir:
stimulus words began with a vowel, taking the P g

pronunciation “thee.” Also, every third block of informing them whether their choice of pronun-

ractice (i very 36 trials) was followed b ciation for the preceding word was correct or
b aclce(ae.,Fe ihy 10 as)l ?_S OI'?[het Y 8ncorrect and the second asking them to indicatt
novetword. For the 10 novel stimull thal Werg, ., key press which of four strategies they
used, five of the words began with a consonan

dfive b ith LR o th Used to make their choice: “guess” if they sim-
andfive began with a vowel. ReSponses [o the Gl‘y guessed the correct pronunciation, “rule” if

stimuli were also agcompanlled bycorrecFlllnco they used a grammatical rule to make the
rect feedback. As in Experiment 1, parumpan&hoice, “memory” if they knew the answer to

strategies were probed after every trigl. The, ot specific item based on memory of its pre-
dependent measures were the same as in EXpgl;,,s occurrence, and “other” if they felt that

iment 1. their strategy for the preceding word did not

Participants. Twenty undergraduate collegemaich any of the other three categories. The:
students participated for credit in an introducy,ere told that, occasionally, a novel item would
tory psychology. course. All of the participantsappear and that they were to respond to it ir
tested were native English speakers. whichever way seemed correct. Novel trials
~ Materials and apparatusThe apparatus usedyyere arranged in the same way as training trials
in Experiment 2 was the same as in Experimenifter a strategy had been chosen on each tria
1. The stimulus list of words used was take(%articipants were told that the computer would

from Experiment 2 of the study by Healy andgisplay a new word and the entire cycle would
Sherrod (1994). All of the words used wereye repeated.

high-frequency words (i.e., they had a fre- ' .
quency equal to or greater than 145 per approkesults and Discussion

imately 1 million words of text; KUera & Fran- The proportion of correct responses was
cis, 1967). above chance at the outset of training and con
Procedure.Participants were tested individ-tinued to increase systematically across blocks
ually or in pairs (with each participant in a pairF(29,551) = 3.48,MS, = .08,p < .01, as
using a different computer in a separate quighown in Fig. 4. Participants were clearly and
room). The instructions, which were parallel butinderstandably more familiar with the basis for
not identical to those used in Experiment lcorrect responding at the beginning of Experi-
were read aloud to the participants. Participanisent 2 than they were in Experiment 1. In a
were told that the wordhe is sometimes pro- cross-experiment comparison, participants wer
nounced “thee” and sometimes “thuh.” Theyverall more accurate on the pronunciation tasl
were told that they would be presented with 12Experiment 2) than on the letter string task
different words one at a time on a compute(Experiment 1)F(1,38)= 5.93,MS, = 4.21,
screen. The same 12 words would be presentpd< .02. There was, in addition, an interaction
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FIG. 4. Proportion of correct responses per block of training in Experiment 2.

of task (string versus pronunciation) by blocksng continued to be reported frequently through-
of trials, F(11,418)= 2.19,MS, = .10,p < out practice. By the end of practice, participants
.02, showing that the change in accuracy acroseported rule use about 65% of the time anc
training depends significantly on the demandsstance use about 33% of the time. The differ-
of the two different tasks. But, there are ceilingence in proportion of use between the rule (.58
effects that also could produce this interactioand instance (.37) strategies over all trials wa:
given that performance approaches the sammensignificantfF(1,19)= 1.52,MS, = 9.10.
limit in both tasks as training progresses. The proportion of trials on which guessing (.03)

Figure 5 depicts the proportion of trials onand other (.01) strategies were reported wa
which each strategy was reported, collapseduch lower than the two primary strategies.
across all participants and training items, and@he interaction of strategy by blocks of trials in
plotted as a function of trial block in Experi- the proportion of use of rule and instance strat-
ment 2. Both rule-based and instance-based regies was reliable;(29,551)= 1.52,MS, =
sponses were reported approximately 40% 006, p < .05. When the rule and instance
the time initially; guessing and other strategiestrategy choice data of Experiments 1 and 2 ar:
in this case were minimal. The high initial per-combined, a strong three-way interaction ap-
centage of rule reports once again indicates thpears between task, strategy, and blocks of tri
the pronunciation rule was known, in somals, F(29,1102)= 11.40,MS, = .06,p <
sense, to some if not all participants at the01, showing that the pattern of changes in
outset. The high initial percentage of instancstrategy choice over trials is dependent on tas
reports may reflect at least in part the possibilityequirements. The major difference in outcome
that participants, contrary to instructions, basedetween the two experiments is that, wherea
their strategy selections on extraexperimentsihe rule emerges over trials as the dominan
familiarity with the words or training instances.basis of responding in the pronunciation task;
Over blocks of practice, the rule strategy begaimstance-based responding is clearly the domi
to dominate, although instance-based respondant strategy in the letter string task.



THE STRATEGIC BASIS OF PERFORMANCE 235

1.01

—1— Guess

~-0-- Instances

Proportion

A 012345678 9101112131415161718 192021 2223 242526 2728 2930

Block

FIG. 5. Proportion of trials within each block of training on which participants reported each strategy in
Experiment 2.

The proportion of correct responses for théog T = 3.167— .237 logN,
rule strategy (.97) was higher than for the in-
stance strategy (.89). An analysis of variance
averaged across participants with blocks as the (6]
random effect showed this difference, which
was especially marked between Blocks 5 anfihe overall difference in response times be-
28, to be statistically significantz(1,29) = tween rule and instance strategy trials reverse
140.28,MS, = .001,p < .001. that of Experiment 1, but supports our predic-

Response time patterns provide evidendéons based on the simplicity of the required
consistent with the strategy probing data, showpronunciation rule (i.e., the difference between
ing that, in the pronunciation task, performanc&¥owel and consonant sounds). In this experi-
is reliably slower when instances were reportefient, instance retrieval is likely to be the less
than when the rule was reported(1,29) = direct, more explicit cognitive route to the cor-
201.61,p < .01. As presented in Fig. 6, €Ct answer th_an rulg use (_cf. Anderson et al.
response time speed-up was relatively well f997)- There is an interesting and potentially

by two power functions (although there appedfmpPortant discrepancy between the outcome o

to be some deviations which are difficult tof'iS analysis and the similar analyses of Exper

explain on a simple strategy-specific argumentjent 1 and by Rickard (1997) and Delaney et
al. (1998). In these earlier cases, the strategy

specific power functions were always essen:
-~ B tially parallel, and the major difference between
log T=2.989~.178 logN, strategies was a difference in overall respons:

r? = .77 (for rule-based performange [5] time. In contrast, the strategy-specific functions

r2 = .81 (for instance-based performance
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FIG. 6. Response time for correct responses trials during training as a function of block and the strategy
reported, rule, or instance in Experiment 2.

in the present experiment differ primarily inF(2,38) = 8.57, MS, = .18, p < .01. An
slope, with a steeper slope for the instance funenalysis that included training stimuli as well as
tion than for the rule function. The steeper slopaovel stimuli yielded an interaction of strategy
of the instance function implies that strategyby stimulus type that was only marginally sig-
specific response times are converging over tniificant, F(2,38) = 2.62, MS, = .03, p <
als, although the decreasing frequency of thd 0. In this experiment, guesses were uncom:
instance-based strategy suggests that respomsen and rule usage was the most frequently
times might never reach parity. The steepeeported strategy on novel instances just as i
slope of the power function for the instancevas on training instances (not the case in Ex:
strategy may occur because the instances in thgeriment 1). Instance-based responding was re
task are common words, which are readilyported on .27 of the trials involving novel stim-
learned and retrieved from memory, unlike thaili, which is less often than for training stimuli
letter-strings used in the task of Experiment 1.
In any case, in both experiments, the strategy
that emerges as the dominant basis of response
over trials is the strategy that generates the more ~ Proportion of Strategy Reports as a Function
. of Stimulus Type (Experiment 2)
rapid responses.

Table 3 shows the proportion of trials on

TABLE 3

. .. Strategy
which participants reported guess, rule-based,
and instance-based strategies during trainirgjimulus type Guess Rule Instance
and on the novel instances. The difference in
frequency of the rule, instance, and guessing Training 03 58 37
vel .08 .62 27

strategies was significant for the novel stimuli
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TABLE 4 sponses than instance-based responses to no

Responses to Novel Stimuli (Experiment 2) stimuli is consistent vv_|th Palmerl’s (1997)
model, according to which the instance-basec
Strategy responses reflect retrieval of similar, but possi-

bly incorrect training instances. Mean response
times in (anti-log) milliseconds on rule- (766)
and instance-based (733) trials were nearl

Guess Rule Instances Other

Total cases 16 124 54 . . . . .

Proportion identical for the novel stimuli in Experiment 2
correct .50 .96 .88 .83 and responses based on both strategies we

Correct response considerably faster than responses on guessir
time inms) 1633 766 733 1040 trig|s (1633). There was an overall significant

difference among the three most frequently re-

ported strategies on correct response times
(.37). But the novel instance frequency is higi+(2,18)= 13.06,MS, = .03,p < .01.When
enough to reflect the possible involvement eithe two experiments are compared, analysis ©
ther of extraexperimental memories or of therariance shows that participants were faste
occurrence of stimulus generalization (despiteverall on novel stimuli in the pronunciation
the lack of similarity between training and novethan in the string task;(1,18) = 13.93,MS,
instances), as might be expected on the basis of .45, p < .01, suggesting that pronunciation
the exemplar-based random walk model af an easier or simpler task than the alphabeti
Palmeri (1997). The relatively large proportionstring task.
of rule reports for the novel stimuli supports the
claim that the rule, used or discovered by most EXPERIMENT 3
participants during practice, generalized to new The results of the first two experiments dif-
items. The overall proportion of correct re-fered in a number of ways, perhaps most im-
sponses on the novel stimuli was .88 and did n@ortantly in terms of which strategy became
change significantly over occurrencesdominant with practice. In Experiment 1, in-
F(9,171)= 1.24,MS, = .09. When the data volving artificial strings of letters, an instance-
of Experiments 1 and 2 are combined, analysisased strategy dominated at the end of practice
of variance shows that participants were signifin Experiment 2, using real words and a familiar
icantly more accurate on novel stimuli in theinguistic pronunciation rule, a rule-based strat-
pronunciation task than in the string taskegy dominated. In both cases, the trend in strat
F(1,38) = 13.16,MS, = .44,p < .01. The egy use over trials was quite regular, but it is not
total number of reports of each strategy owntirely clear why different dominant strategies
novel stimuli, the proportion of correct re-should emerge. The tasks used in these exper
sponses, and the mean response times on correwnts differed in at least three potentially im-
responses are shown in Table 4 for the pronuiportant ways that could have contributed to the
ciation task alone. An analysis of variance omwbserved trends. First, although cross-experi
the novel stimulus data using items as the ramrent comparisons are always dubious, it ap
dom effect shows that the proportion of correcpears from overall response times that the rule
responses depends on strate@(2, 18) = for the string task was less obvious and more
8.26,MS, = .06, p < .01, with the rule-based difficult to use than the rule for the pronuncia-
strategy producing a slightly higher proportiortion task. Difficulty of rule is a likely candidate
of correct responses than the instance-based affect strategy usage, and, tentatively, we
strategy, both of which were superior to guessassume that whichever strategy is easier to af
ing. These results suggest that participants aply in a given task will become dominant with
quired the correct rule and that there was bothractice. But, second, although both tasks in.
rule-based and instance-based generalizationwtolved, in a sense, language materials and lar
novel stimuli. More correct rule-based re-guage-related rules, they differed in how natura
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or familiar the materials and rules were to parwhereas the artificial task involves arbitrary let-
ticipants at the outset. The rule for the letterter strings, learning the instances should be ea:
strings creates a more artificial and unfamiliaier in the natural tasks than in the artificial task.
classification learning task than the rule for th&hus, parallel strategy-specific power functions
pronunciation task. Initial familiarity with the are expected for the artificial task, as found
task or with the stimuli comprising the taskpreviously in Experiment 1 and by Logan
could also plausibly influence strategy use(1988) and Rickard (1997), but converging
Third, the instructions to the participants wergoower functions are expected instead for botf
not completely parallel in Experiments 1 and 2natural tasks, as found in Experiment 2.
and the subtle differences in the descriptions of The count/mass distinction provides for an-
the strategies might have affected participantsither potentially important window on strategy
strategy reports. use. Serwatka and Healy (1998) have discusse
Rule difficulty and task familiarity were ma- the linguistic complexity of this distinction.
nipulated systematically in Experiment 3 to deWhether “much” or “many” is appropriate as
termine whether either or both of these variablethe quantifier depends largely on a countability
influences the strategy reported by participantsriterion: If a noun refers to something that can
Specifically, we compared two letter-stringbe counted (e.g., “carrot”), the proper quantifier
rules, the one used in Experiment 1 and a sinis “many,” otherwise (e.g., “spinach”) “much”
pler one in which the alphabetic sequence is appropriate. Countability is fairly obvious
more obvious. Further, we compared two linwhen the items are concrete, as in the foregoin
guistic rules, the relatively simple pronunciatiorexamples. However, when the reference item:
rule used in Experiment 2 and a more difficulare abstract, such as “idea” (“many”) or “ad-
linguistic rule based on the count/mass nouwice” (“much”), the countability criterion is
distinction that entails a choice between “manyhard, if not impossible, to apply (e.g., ideas
and “much” as a quantifier (Serwatka & Healyshould be no easier to count than advice). Ruls
1998). Rules differed in difficulty within the use is likely to be more difficult in the abstract
letter-string and the linguistic tasks, but obvithan in the concrete case. For this reason, bot
ously there is no difficulty metric that allows usconcrete and abstract singular nouns are in
to compare across tasks. Lack of a commociuded in themany/mucHists of Experiment 3
metric creates some potential ambiguity for stao determine whether this variable has any im-
tistical analysis, which we address in theyact on the use of the rule versus the instanc
Method section. In all four conditions, partici-strategy.
pants were required to learn the proper response
to a small subset of stimuli, either three-letteMethod
strings or familiar words. The instructions were Overview and desigi.here were four exper-
written to be parallel in the four conditions, somental conditions, generated from the>2 2
that it would be unlikely that any differences infactorial combination of task difficulty (easy/
performance among them could be attributed toard) and task familiarity (artificial/natural).
differences in the way that the strategies wer€hese four conditions are labeled (1) string-
described. As previously, we expected to seeasy, (2) string-hard, (Ihee/thuh(easy), and
evidence of both instance- and rule-based ré4) many/much(hard). The string-easy and
sponding early in practice. However, in allstring-hard conditions were designed to repli-
tasks, a rule-based strategy should eventualtate and extend the findings of Experiment 1,
dominate when the rule is relatively simplewhereas thehee/thuhand many/muchcondi-
whereas an instance-based strategy should dotions were designed to replicate and follow-up
inate when the rule is complex, assuming thahe findings of Experiment 2. A conservative
the strategy that eventually dominates is the oreonception of the design of this experiment
that can be executed most rapidly. Further, bevould describe it as having a single factor of
cause both natural tasks involve familiar wordsask with four levels. To emphasize the two
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distinct variables manipulated in this study, wendicate whether “many” or “much” is the cor-
have chosen to analyze the data instead usingext modifier if it were to precede the stimulus
2 X 2 factorial format, despite the fact that thewvord presented on the screen. The correct moc
manipulation of difficulty is admittedly not ifier was determined by a grammatical rule. By
equivalent for the artificial and the natural taskshis grammatical rule, a noun is preceded by the
Because the analysis we have chosen provideSmaany” modifier only if it is a count noun (e.g.,
finer breakdown of variance than other possirain, rock). If the noun is a mass noun (e.g.,
bilities, readers preferring a more conservativdust, furniture), then the preceding modifier is
analysis will have sufficient information pro-“much.” The nouns were all presented in singu-
vided in the Results section to derive their owmar form because the count/mass distinction alst
conclusions about differences among the foutetermines whether a noun can be pluralized
conditions. Six of the stimulus words were count nouns anc
In the string-easy and string-hard conditionssix were mass nouns. Three stimuli of each type
each participant was trained on a single set of Mere abstract and three were concrete. Alsc
strings of three letters (e.g., HGF) one at a timevery second and third block of practice was
repeatedly over 30 blocks of practice. Particifollowed by a novel word. For the novel stimuli,
pants were asked to indicate whether each |et9 were count nouns and 10 were mass noun
ter-string is “code” or “noncode.” The “code” with 5 of each type abstract and 5 concrete.
classification was determined by the same rule Participants received feedback on every tria
used in Experiment 1. Six of the letter-stringsn each condition, even on trials involving novel
were classified as code and six of the letteistimuli. Also as in Experiments 1 and 2, partic-
strings were classified as noncode. Also, evelipant strategies were probed after every trial in
second and third block of practice was followeaach condition. The dependent measures wel
by a novel string of three letters. For the novethe same as in Experiments 1 and 2.
stimuli that were used, 10 were code strings and Participants. Forty-eight undergraduate col-
10 were noncode strings. The difference bdege students in an introductory psychology
tween the string conditions was that all of theeourse volunteered to participate for course
strings were in alphabetical order for the stringeredit. All of these participants were native En-
easy condition but none were in alphabeticallish speakers. Participants were assigned by
order for the string-hard condition. fixed rotation to the four conditions with 12 in
In the thee/thuhcondition, each participant each condition.
was trained on a single set of 12 stimuli con- Materials and apparatusThe materials and
sisting of high-frequency words (nouns and adapparatus used in Experiment 3 were the sam
jectives) presented one at a time repeatedly ovas in Experiments 1 and 2 with the following
30 blocks of practice. Participants were asked texceptions. A new set of letter strings was cre-
indicate whether “thee” or “thuh” is the correctated for the string-easy condition by rearranging
pronunciation forthe if it were to precede the the same letter strings used in Experiment 1 intc
stimulus word presented on the screen. Pronualphabetical order. The stimuli used in the
ciation was determined by the same linguististring-hard condition were taken directly from
rule used in Experiment 2. Six of the stimulu€Experiment 1. Also, 10 more letter strings were
words began with a consonant and six begaadded to the novel set of the string-easy anc
with a vowel. Also, every second and thirdstring-hard conditions. The stimuli used in the
block of practice was followed by a novel word.thee/thuhcondition were the same as in Exper-
For the novel stimuli that were used, 10 begaiment 2 except that 4 of the words were
with a consonant and 10 began with a vowel.changed. Also, 10 more words were included in
In the many/muctcondition, each participant the novel set. These new words had the sam
was trained on a single set of 12 singular nounsonstraints as in Experiment 2. The stimuli usec
presented one at a time repeatedly over 3@ere taken from Experiment 3 of the study by
blocks of practice. Participants were asked tblealy and Sherrod (1994). All of the words
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used in thethee/thuhcondition were high fre-
guency words (i.e., they had a frequency equal
to or greater than 84 per approximately 1 mil-
lion words of text; Kuera & Francis, 1967).
Lastly, a new set of words was included for the
many/muckcondition. These words were taken
from the study reported by Serwatka and Healy
(1998). All of the words used in th@many/much
condition were singular nouns divided into four

categories of count concrete, count abstract,

BOURNE ET AL.

able to learn the correct response by memorizing
which words follow the modifier “many” and which
words follow the modifier “much.” Whether you dis-
cover a rule or not, the overall goal is to perform as
quickly and accurately as possible on each trial. After
making your response to each word (that is, whether
it was preceded by “many” or “much”), the displayed
word will disappear from the screen and the computer
will display two new messages on the screen, one
after the other. The first message will inform you
whether your choice of modifier for the preceding
word was correct or incorrect. The second message

mass concrete, and mass abstract. For the trainwill ask you to indicate which of four strategies you
ing stimuli, there were three count concrete, used to make your choice. Your strategy options will

three count abstract, three mass concrete, an
three mass abstract words. For the novel stimuli,
there were five count concrete, five count ab-

Gbe “Guess,” “Rule,” “Memory,” or “Other.” You

should select the “Guess” option if you made your
response having no idea whether the preceding mod-
ifier was “many” or “much.” Select the “Rule” option

stract, five mass concrete, and five mass abstracif you used the rule to make your choice. You should

words.

Procedure.Participants were tested individ-
ually or in pairs (with each participant in a pair
using a different computer) in a quiet room, free
from outside distractions. The instructions for

select “Memory” if you remembered that the preced-
ing word used a modifier of “many” or “much” based
on an earlier experience with it. Select “Other” if
none of the first three strategies applies. Note that
whether you get an answer right or wrong should not
influence the strategy that you choose for that trial.

the string conditions and thinee/thuhcondi-

tion, similar to those in Experiments 1 and 2,

You can be right or wrong for a variety of reasons.
Here we are interested in the strategy that you used,
regardless of whether it produced the correct answer.

reSpeCtiV?'Y: but modified as necessary to im- st of the words will appear in every block of the
prove their coherence and to make the two sets experiment. Occasionally, though, a new word may
of instructions as similar as possible, were read appear that you haven't seen before. Don't forget that

aloud to the participants. The instructions fo

the many/muchcondition, prepared to be as

r on each trial, it is important that you respond “many”
or “much” as quickly and accurately as you can. You
can take as much time as you need, however, to

similar as possible to those in the string and perform the strategy selection part of the task.

thee/thuhconditions, were as follows.

Today’'s experiment explores basic learning pro-
cesses. You will be presented with words one at a
time on a computer screen. During the experiment,
you will see each of 12 different words several times.
These same 12 words will be presented repeatedly
over 30 blocks, where each block is one exposure to
each of the 12 words. Some words use the modifier
“many,” and some words use the modifier “much.” In
this experiment, half of the words are examples of the
use of “many,” and half of the words are examples of
the use of “much.” It is your job to select either the
key marked “many” or the key marked “much” de-
pending on which of these modifiers you think is
correct preceding the word presented on the screen.
You will use specially marked keys on the computer
keyboard to record your answer. Note that your job is
not to guess at each modifier. Rather, you are to learn
which words use the modifier “many” and which
words use the modifier “much.” There is a relatively
simple rule which will discriminate between the use
of “many” and the use of “much” and which, if you
discover it, can help you in this task. Or, you may be

Results and Discussion

The proportion of correct responses increase
systematically over blocks of trials in all con-
ditions of the experiment,F(29,1276) =
24.58,MS, = .09,p < .01, asshown in Fig.

7. There was an overall difference in accuracy
between the artificial letter-string tasks and the
more natural linguistic task$;(1,44) = 5.71,
MS, = 2.72,p < .02, with performance in the
natural tasks starting (in Block 1) and remaining
more accurate than in the artificial task through-
out practice. Easy tasks were performed mor
accurately than hard tasks, but the difference
was not statistically reliableé;(1,44) = 3.04,
MS, = 2.72,p < .09. Theinteraction of type
of task by difficulty level was nonsignificant, as
were all interactions with blocks of trials. In a
separate analysis of proportion of correct re-
sponses over blocks in theany/much(hard
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FIG. 7. Proportion of correct responses per block of training as a function of type of task in Experiment 3.

natural) task alone, participants were more aattificial-easy, artificial-hard, and natural-hard.
curate on concrete (.946) than on abstract (.898) each of these conditions, use of the instanc
words,F(1,11)= 6.24,MS, = .21,p < .03, strategy increased and was clearly the dominar
as had been found in previous work (Serwatkstrategy by the end of practice. Rule use firs
& Healy, 1998), suggesting that, whatever thencreased and then decreased, as instances
basis for using a quantifier, it is easier to applgame dominant. Guesses were frequent at th
when the target is concrete and presumablyutset of practice, especially in the artificial
easier to count. tasks, but quickly dropped to insignificance.
Over all trials, strategies differed in propor-Other strategies were rarely reported. The pic
tion of use, with the instance strategy moréure was qualitatively and quantitatively differ-
frequent (.60) than the rule strategy (.30)entin the natural easy task, which was based o
F(1,44) = 4.96,MS, = 6.07,p < .05. The the thee/thuhdistinction. As in Experiment 2,
proportion of use was even lower for guessingule use increased from the beginning to the en
(.08) and other strategies (.02). Instance araf practice and was clearly the dominant strat-
rule strategy use interacted with blocks of trialsegy after about 15 blocks of trials. Instance use
F(29,1276)= 11.77,MS, = .08, p < .01, increased and then decreased in frequency
and with blocks and task familiarity (artificial/ the rule became dominant. Guesses and othe
natural), F(29,1276) = 5.21, MS, = .08, strategies followed essentially the same patter
p < .01. There was a significant four-way over trials as they did in the other three condi-
interaction among rule and instance strategyions.
blocks, task familiarity, and task difficulty, In a separate analysis of rule and instance
F(29,1276)= 2.86, MS, = .08, p < .01, strategy use in the natural hard condition, sig-
shown (for all four strategies) in Fig. 8. Thenificant effects attributable to the difference be-
pattern of strategy use over blocks was muctween abstract and concrete nouns were ok
the same for three of the four task conditionsserved. Specifically, the main effect of concrete/
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FIG. 8. Proportion of trials within each block of training on which participants reported each strategy as a
function of type of task in Experiment 3.

abstract was reliabld;(1,11) = 7.47,MS, = .05. Asshown in Fig. 9, the instance strategy,
.01, p < .02, andthis variable interacted with which was overall the most frequently reported
strategy,F(1,11) = 5.01, MS, = .09, p < strategy in this task, was especially common or
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FIG. 9. Proportion of training trials containing abstract and concrete words on which participants reported
each strategy in the natural-hard task in Experiment 3.

concrete nouns, whereas abstract nouns elicité8.50, MS, = .003, p < .001, in analyses
the rule (and other strategies and guesses) mavéh blocks as the random effect. In all four
often than did concrete nouns. This outcomeonditions, the advantage for the rule strateg)
might result from the fact that concrete nounsvas greatest in the early blocks of trials. Thus,
are easier to remember than abstract nouirs all four conditions, the participants seem to
(Paivio, 1986) and thus are more readily availhave induced at the outset of practice the ap
able to support instance-based responding in tipeopriate rule for the task.
present task. At present, we have no memory The response-time analysis shows a clear an
data to provide independent evidence for thisignificant difference between the instance ant
hypothesis. the rule strategies in the artificial tasks, with
For all four conditions, the proportion of cor-performance being reliably slower when the
rect response was higher with the rule strategyle strategy was used. Over blocks of training
(artificial-easy: .971; artificial-hard: .957; natu-instances, mean antilog response times in mil
ral-easy: .994; natural-hard: .987) than with théseconds were 1313 for rule in the easy version
instance strategy (artificial-easy: .958; artificial1091 for instance in the easy version, 1794 foi
hard: .885; natural-easy: .969; natural-hardule in the hard version, and 1315 for instance in
.969); this difference between the rule and inthe hard version. This outcome is consisten
stance strategies was significant for the artifiwith Experiment 1 in which only the harder
cial-hard conditionf(1,29) = 15.95,MS, = atrtificial string task was used. The mean differ-
.005,p < .001, for thenatural-easy condition, ence between strategies was larger in the hard
F(1,29) = 764, MS, = .001,p < .01, and than in the easier artificial task, but is still
for the natural-hard conditionf(1,29) = considerably smaller than the comparable dif-
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TABLE 5

Power Functions and Variance Accounted for in Experiment 3 as a Function
of Task Familiarity, Task Difficulty, and Strategy

Strategy
Rule Instance

Artificial task

Easy logT = 3.412— .271 logN, r* = .62 logT = 3.314 — .255 logN, r*> = .94

Hard logT = 3.526 — .252 logN, r* = .89 logT = 3.400— .261 logN, r* = .93
Natural task

Easy logT = 3.110 — .239 logN, r* = .94 logT = 3.197 — .306 logN, r* = .84

Hard logT = 3.305— .225 logN, r* = .85 logT = 3.423— .353 logN, r* = .96

ference found by Rickard (1997) and Delaney déhe outset (and overall). In the natural-hard task
al. (1998) in tasks that involve calculation. Dif-instance-based responses were slower at tt
ferences in response times between strategiestset, but rule and instance speed-up function
were more complex in the natural tasks. Meaimtersected and rule based responses wel
antilog response times in milliseconds averagezlower by the end of practice (and overall). The
over blocks were 711 for rule in the easy verintersecting functions for both natural tasks are
sion thee/thul, 735 for instance in the easydue to the fact that the response time speed-u
version, 1151 for rule in the hard versiandny/ functions have a particularly steep slope for the
muclh), and 1102 for instance in the hard verinstance strategy in those cases. This steep sloj
sion. Response-time speed-up over blocks ofiay occur because the instances in both natur:
trials was fit by power functions, presented inasks are common words, which are readily
Table 5 and Figure 10. The power function fitdearned and retrieved from memory, unlike the
were good (% = .84) in allcases except for the letter strings used in the artificial tasks.
rule strategy in the artificial-easy task®(= Response times were related to the dominar
.62). Therelatively poor fit in this condition strategy at the end of practice. In artificial tasks,
may be due in part to the fact that there are nohe dominant strategy was instance based i
many reports of rule use late in the training triaboth the easy and the hard versions. In the
sequence. It should be noted that the poweratural linguistic tasks, the rule was dominant
functions reported here were based on groupy the end of practice in the easy version, anc
averages and that participants did not contributelle-based responses were faster overall (a
equally to these averages because not evahough the functions converge). Although in-
participant chose both a rule-based and an istance-based responding was slower at the ou
stance-based strategy on every block of trialset of practice in the hard version, it was fastel
Nevertheless, when we removed data pointt the end when the instance strategy was dorn
from the power function fits if 5 or fewer of the inant. In all tasks then, the dominant strategy is
12 participants in a condition contributed to theassociated with the basis of responding that i
points, the fits were essentially unchanged. faster. The analysis of variance on log respons
In the artificial tasks, response-time speed-ugimes for correct trials with blocks as the ran-
functions were nearly parallel and responsedom effect reveals that, over all conditions,
made under the instance strategy were fastarle-based responding was slower than in-
both at the beginning and at the end of practicatance-based responding(1,29) = 59.12,
Functions in the natural tasks converged wheMS, = .003, andthat both task familiarity
the discrimination was based énee/thuhjust (artificial/natural),F(1,29) = 96.22, MS, =
as they seemed to do in Experiment 2, with thed02, andtask difficulty, F(1,29) = 12.66,
instance strategy producing slower responsesMiS, = .002,interacted with strategys < .01.
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FIG. 10. Response time for correct responses trials during training as a function of block, the strategy
reported, rule, or instance and type of task in Experiment 3.

Even though there are differences in responsehich participants reported guessing, rule-
time as a function of strategy at the end obased, and instance-based strategies durir
training, both rule-based and instance-basedthining and on novel instances. The pattern o
strategies yield accuracy close to the ceilingesults was nearly the same for both artificial-
over the last 10 blocks of training trials in eacleasy and -hard tasks. During training, guesse
of the four conditions (artificial easy, instancevere relatively infrequent (except during the
basedM = .997,rule basedV = .994; arti- first block or two). As found in Experiment 1,
ficial-hard, instance base = .993, rule however, guesses were reported frequently an
basedM = .983; natural-easy, instance basednore often than instance strategies on nove
M = .966,rule basedl = .961; natural-hard, stimuli. Instance-based responses were Mmo:
instance basedM = .964, rule basedM = common on the training stimuli, but rule-based
.989). responses were most common on the nove
Table 6 shows the proportion of trials onstimuli, as would be expected if participants
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TABLE 6

BOURNE ET AL.

ficulty, F(2,88) = 2.53,MS, = .05,p < .09,

Proportion of Strategy Reports as a Function of ConditiofVas close to statistical reliability.

and Stimulus Type (Experiment 3)

Strategy
Guess Rule Instances

Artificial-Easy

Training .08 .29 .63

Novel .23 .58 .15
Artificial-Hard

Training .08 .32 .58

Novel .23 .57 17
Natural-Easy

Training .03 .55 42

Novel .18 .63 .19
Natural-Hard

Training .06 .29 .63

Novel .13 .60 .16

The strategy report data might reflect either &
mixture of strategies within participants or a
mixture of participants each adopting a single
unique strategy at a particular practice level. We
examined individual participant strategy selec-
tions over all training trials in the four condi-
tions of Experiment 3. We classified each block
of trials as rule based or instance based only i
the participant used that strategy on more thau
half of the trials in that block. Then, we exam-
ined the sequence of selections over blocks o
trials for transitions in strategy choices, from
either rule to instance or instance to rule. We
found that 9 or 10 participants of 12 in each
condition showed at least one clear transition
from rule based to instance based, for the twc
artificial tasks and for the natural-hard task. In
the natural-easy task (the task involving the

recognized that novel stimuli had not been seehee/thuhpronunciation distinction), only 5 of

previously. Strategy choices differed betweethe 12 participants showed a clear transition, ir
the natural-easy and -hard tasks. For the easigfis case from instance to rule, with the remain-
thee/thuhtask, guesses were uncommon anighg participants reporting rule-based response
rule usage was the most frequently reporteflom the outset or after a series of guesses. Th
strategy on novel as well as on training inimplication is that strategy transitions do indeed
stances. There was a strong mixture of botbccur on a per participant basis and do no

rule-based and instance-based strategies for
training items throughout practice, but rule use
predominated on novel stimuli. These results

support the claim that the rule was used or Responses to Novel Stimuli (Experiment 3)

TABLE 7

discovered by most participants during practice
and that use of this rule generalized readily to
new items. In the natural-hard task, the pattern

of strategy reports on novel and training in
stances was similar to that on the artificial tasktificial-Easy
Instance-based performance was typical of Total cases
training, whereas rule-based performance dom-Proportion correct
inated on novel stimuli. These effects are Supy,
ported by an analysis of variance on strategy Userqa cases

(i.e., the proportion of trials on which partici- Proportion correct
pants selected a given strategy). In this analysis,Correct RT (in ms)
the main effect of strategy (excluding the “othNatural-Easy

er’ category),F(2,88) = 15.40,MS, = .20,
p < .01, and theinteraction of stimulus type  correct RT (in ms)
(novelltraining) and strategy,F(2,88) = Natural-Easy
55.25,MS, = .05, p < .01, were significant, ~ Total cases

and the interaction of stimulus type, strategy, Proportion correct
task familiarity (artificial/natural), and task dif-

Strategy
Guess Rule Instances Other

56 140 36 8

412 964 .861 0
Correct RT (inms) 1153 1542 1377 na
tificial-Hard

54 137 41 8

389 .912 .659 0

1052 2897 1268 na
Total cases 42 152 46 0
Proportion correct .619  .993 .783 0

1807 780 1007 na

32 143 38 27

.656  .972 1.000 .926
Correct RT (inms) 798 1690 1374 782
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reflect merely an unsystematic mixture of paren those for which the rule strategy was used
ticipants at different practice levels. F(2,38) = 5.70,MS, = .07,p < .01. Only
Table 7 shows the total number of reports oin the natural easy condition was the rule strat-
each strategy on novel stimuli, the proportion oégy faster than the instance strategy; the inter
correct responses, and the mean log resporasetion of strategy and task familiarity was sig-
times on correct responses in the four conditionsficant, F(2,38) = 10.71,MS, = .05,p <
of this experiment. The overall proportions of.001, as was thmteraction of strategy and task
correct responses on the novel stimuli werdifficulty, F(2,38) = 23.07,MS, = .05,p <
.788, .721, .887, and .929 for artificial-easy andd01, and theéhree-way interaction of strategy,
-hard and natural-easy and -hard, respectiveltask difficulty, and task familiarityi-(2,38) =
The task difference (artificial/natural) was reli-4.95, MS, = .07, p < .02.
able,F(1,44)= 10.11,MS, = .56,p < .01,
with performance being more accurate on the GENERAL DISCUSSION
natural tasks, but there was no effect of diffi- Changes in overall measures of performance
culty or an interaction of task by difficulty. such as accuracy and speed of response, durir
There was a small but significant effect attribpractice in binary classification tasks might
utable to successive novel instancesnask and certainly do not always reveal the
F(19,836)= 1.86,MS, = .11,p < .02, and complexity of changes in the underlying basis
to the interaction of task, difficulty, and succesef trial-by-trial responses. The strategies learn
sive instance$;(19,836)= 1.77,MS, = .11, ers developed in these experiments did not typ
p < .03, butthere were no clear trends in thesécally move in parallel during training with
cases. overall performance measures. In the experi
In an analysis using only those novel trials oments reported here, overall measures change
which guess, rule, or instance was the reportesystematically toward an asymptote, while strat-
strategy and using items as the random effecgy measures showed increases and decreas
mean proportion of correct responses were siga the frequency of various strategies and tran:
nificantly higher for the natural tasks than forsitions from one strategy to another at certair
the artificial tasksF(1,19) = 31.29,MS, = points in practice.
.02, p < .001. In addition, rule-based re- Strategy transitions were not the same for all
sponses were more accurate overall on novkinary classification tasks. In tasks with artifi-
stimuli than were instance-based responses ol stimuli and an initially unknown classifica-
the responses based on guessiR(R,38) = tion rule, participants often began by guessing
74.10,MS, = .02, p < .001 Within condi- the classification response for a given stimulus
tions, only the natural hard task showed a reAs the rule was acquired or identified over
versal of this pattern, presumably because ofsiccessive instances, rule-based responses
ceiling effect in this case; the interaction oftame more common and, in some cases, the ru
strategy and task familiarity was significantbecame the primary basis of response. Becaus
F(2,38)= 7.44,MS, = .02,p < .01, as was there were relatively few unique training stimuli
the three-way interaction of strategy, task diffito be categorized, because each was repeatec
culty, and task familiarity,F(2,38) = 5.17, large number of times, and because the require
MS, = .03, p < .02. rule needed to be executed explicitly, a transi-
In a parallel analysis using only those novetion in response basis eventually occurred fron
trials on which guess, rule, or instance was theile to instance memory, and learners increas
reported strategy and using items as the randammgly reported using recall of previous instances
effect, mean correct response times were signi&s a basis of classification response.
icantly faster for the natural tasks than for the Although we did not systematically vary the
artificial tasks,F(1,19) = 12.86,MS, = .04, number of instances per classification, the tran
p < .01, andparticipants were faster for stim-sition from rule- to instance-based responding
uli on which the instance strategy was used thamould almost certainly be sensitive to the num-
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ber of unique training stimuli to be categorizedorability of instances in the two types of tasks.
With similarity controlled, the more stimuli to Well-known words already in semantic memory
be remembered, the more demanding instaneesre used as instances in the quantifier task
memory would be relative to rule use, implyingwhereas meaningless letter strings were used
that rule-based responding might become donmstances in the artificial task. Most likely, in-
inant in a large stimulus domain (but see, e.gstances were more readily stored and retrieve
McKinley & Nosofsky, 1995). Even in the from memory in the natural task than in the
present case where stimuli are few, participanertificial tasks. Moreover, participants might
tended to revert to rule-based responding wherlaim rule use early in practice based on a
novel stimuli were presented. When trainingyeneral feeling of knowing or familiarity with
trials on which participants reported rule-basethe quantifier task and the noun stimuli it em-
responding were separated from those on whigiloyed. Later, as the word stimuli were repeatec
they reported instance-based responding, a cleard the limited number became clear to partic-
difference in mean response time emerged, wifpants, remembering that specific instances ha
instance-based responding being significantlyccurred earlier in the trial sequence providec
faster than rule-based responding, especially fan easier access to correct responses than ru
the harder task. Similar effects have been repplication. It has been well documented tha
ported previously by Rickard (1997) andmemory is better for concrete than for abstrac
Delaney et al. (1998) in calculational tasksnouns (Paivio, 1986). In the present study, in-
Because the alphabetic rule, when used by pastance-based performance was more comma
ticipants, had to be consciously or explicitlywith concrete than with abstract nouns, which is
applied to each stimulus, instance memorgonsistent with the observation that responding
should be a less cognitively demanding or timein later trials was dependent on memory for the
consuming strategy than rule-based respondingpecific stimuli used in training.
leading to faster response times. The data obtained in ththee/thuhpronunci-
The outcome was somewhat different in natation task were essentially the same across E»
ural language tasks where participants had sorperiments 2 and 3 but, in important respects
familiarity at the outset of training with the different from data in both the artificial alpha-
stimuli and with the classification rule requiredbetic tasks and thenany/muchnatural task.
Accuracy changes over trials in tineany/much Accuracy increased systematically, and there
guantifier task appeared essentially to be theere reliable strategy transitions across trials, a
same as accuracy changes in the two artificial the other conditions. But, in ththee/thuh
tasks. Moreover, strategy patterns were similacase, classification responses were ultimatel
with learners conforming to the quantifier rulecontrolled by the rule rather than memory for
and reporting rule use as a basis of responseiimstances. Contrary to the suggestion of Ander
the early blocks of trials. But the rule eventuallyson et al. (1997), rule-based responses dom
gave way to instance-based performance, whictated through most of practice and were gener
became dominant in the later blocks of trialsally faster than instance-based responses. T
Changes in response times are consistent wittominance of the pronunciation rule over in-
this trend; instance-based responses westance-based responding can probably be trace
slower than rule-based responses in the eatly the fact that this rule, although not necessar
blocks of trials but became faster when inily verbalizable by all participants, is simpler,
stance-based responding dominated. The tremibre straightforward, and easier to apply thar
in response times was different, however, in ththe many/muchyuantifier rule and faster to in-
guantifier task than it was in the artificial tasksyoke than instance memory. (In fact, the rule for
in which instance-based responding was fastéie thuh/theetask in our study required that
than rule-based responding over all trials. Wearticipants consider only the first letter of each
think that this difference can be attributed, irstimulus. The lack of instance-based respondin
part, to the difference in familiarity and mem-may reflect the attentional demands of this tasl
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because participants need not attend to the eiice. These results not only are consistent with
tire word to respond correctly. Therefore, theéhe outcome of the present experiments, but als
entire word may not be processed and stored imply that retention, as well as acquisition, can
memory; see, e.g., Logan & Etherton, 1994 he strategy specific (see also Conway et al.
The simple pronunciation rule is more likely t01997).
become proceduralized (Anderson et al., 1997) Rule-based responding was dominant at the
with practice than either the alphabetic rule oénd of practice on thé¢hee/thuhtask. But, as
the artificial tasks or the quantifier rule of thenoted above, the instance-based strateg
many/muchtask. Even so, the difference be-showed an upward trend later in practice in the
tween frequency of rule-based and instancéhee/thuhtask of Experiment 3. There is some
based responding toward the end of practigeossibility that, with further practice, instance-
was smaller in théhee/thuhcase than in any of based responding might have become dominar
the other conditions of Experiment 3. There igven in thehee/thuhtask, as would be expected
some suggestion in the data, in fact, that iney Anderson et al. (1997). The fact that in-
stance-based responding might eventually ovestance-based response times converged on tho
take rule-based responding in frequency, i6f rule-based trials in the log-log plots is con-
practice had continued further. sistent with this possibility. Such an outcome
Accuracy improved as participants made thevould not, however, invalidate our argument
transition from the guessing strategy to the ruleghat the less cognitively demanding (i.e., faster)
based or instance-based strategies. In the |a®ategy eventually dominates. It would merely
stages of practice, there were no differencesean that the cognitive demands of strategie
between rule and instance strategies in accahange with experience and use, and there i
racy. Nonetheless, at all stages of practice, theptenty of evidence for that conclusion in the
were important differences between strategiesther data of these experiments. We cannot b
in the time required to make a correct responssure of this outcome, of course, and at least on
Participants generally came to use whichevexdditional experiment employing thteee/thuh
highly accurate strategy yielded the faster reask with extended practice will be necessary tc
sponse time. Thus, a careful and complete analerify or refute this possibility.
ysis of trial-by-trial strategy usage typically will Do the trial-by-trial reports of participants
have much to offer toward a full understandingalidly reflect their real strategies in these ex-
of the role of practice and of the retention inperiments? Although the trial-by-trial reports
terval in classification and in skilled perfor-(like any responses that might be required in ar
mance. Relevant to this conclusion are the rexperiment) are undoubtedly subject to some
sults of Rickard (1994; see also Rickard &esponse biases, there are several kinds of ev
Bourne, 1995), who observed that, when partiddence that they do reflect real strategies. For on
ipants were retested on previously practicething, reports taken in these experiments are
psuedoarithmetic problems after a delay inteessentially the same as those effectively em
val, the accuracy and speed of their responspiyed by Tulving (1985) and Conway et al.
depended on whether they retained the specif{£997), in pure memory tasks, and by Rickard
instances that they had been trained on. A{L997) and Delaney et al. (1998), in calcula-
subjects gravitated from a rule-based (a calctional tasks, to identify the participants’ basis of
lational algorithm) to a faster instance-basedesponding. Further, in all conditions and tasks
strategy during learning. When participants reef our experiments, mean response tinaés
membered an instance at retention, respongered reliably between strategies and were
time on that problem was no different from thapredictable from reported strategies during the
observed at the end of practice. When rementraining trials. Finally, strategy reports were dif-
bering failed, however, participants used thérent for novel and training trials. Novel in-
rule-based strategy that returned response tirstances had never been seen by participants c
levels to where they were at the outset of praearlier trials. They might elicit a guess initially,
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but on later trials rule-based responses shoulthus, there was not only a difference in inter-
be reported, not instance-based responses. dept between the rule and instance functions b
fact, the frequency of instance-based reports @iso a difference in slope, reflecting greater
novel trials was low relative to reports on train-speed-up on the instance strategy.
ing trials, even when instance-based responding Another interpretation of our findings might
had become dominant. This contrast betwedre that participants rely exclusively on an in-
responses on training and novel stimuli clearlgtance strategy but report rule use whenever th
supports the argument that participants acquiredstance is retrieved implicitly so that the par-
or discovered the operative rule and used ticipant is unaware of the instance. There is nc
when necessary (on novel stimuli) even thougbonclusive evidence in these experiments to re
they might employ a less demanding instanciite this possibility, and it is not clear what
strategy when it was applicable. Still, instancevould constitute sufficient evidence to the con-
reports were not uncommon for novel stimulitrary. Thus, this is a possibility that will chal-
We suspect that nearly all of these reports cdange any rule-based interpretation of perfor-
be accounted for by one of two factors. Firstmance including the prior work of Rickard
there might have been some stimulus generali1997) and of Delaney et al. (1998) as well as
zation (or confusion) between training andhe present study. Alternatively, if all responses
novel stimuli leading a participant to believeare determined by a race between instance re
that a novel instance had indeed occurred earligieval and rule use (e.g., Logan, 1988; Palmeri
on a training trial. Second, despite instruction4997), a response could be generated by men
to the contrary, some participants might havery retrieval even though the rule use proces:
been uncertain about whether extraexperimentais nearly completed. Suppose that any time
experience with stimuli (words) could serve aparticipants have sufficient evidence of having
the basis of an instance-based reports. engaged in rule-based processing, they repo
The validity of strategy reports might be chal-‘rule” usage. If so, it is conceivable that partic-
lenged in another way. Suppose strategy choigeants might report “rule” even though their
depends on response time, so that participanssponses were actually generated by instanc
report rule use only when they have responde@trieval. Again, this possibility would chal-
slowly. This possibility is unlikely in the lenge our conclusions as well as those of othe
present experiments for three reasons in oumvestigations demonstrating strategy-specific
view. First, although significant for the artificial power laws (e.g., Delaney et al., 1998; Rickard,
task, the overall difference in response time$997).
between rule and instance strategies was muchMuch but not all of the data of these experi-
smaller in our experiments than in the earliements is consistent with extant models. For ex:
experiments by Rickard (1997) and by Delanegmple, although the models of Logan (1988)
et al. (1998), which involved rules that wereand Rickard (1997) were not explicitly designed
considerably more complex than the ones w® account for multiple strategy shifts, our re-
used. Hence, response time would have beersalts do not present them with a major chal-
much weaker cue to strategy selection in odenge. Both of these models assume that in
study than in those earlier studies. Second, pastance strength accrues on every exposure to ¢
ticipants in thethee/thuhpronunciation task item. The greater the strength, the more likely
showed the opposite pattern of results fronnstance memory retrieval will prevail over
those in the artificial tasks (and in experimentsther strategies. In most conditions of our ex-
by others), responding morguickly when they periments, participants discovered a rule anc
reported using the rule than when they reportedased it temporarily en route to a final transition
instance-based responding. Third, unlike for thid instance-based responding. Within an in-
artificial task, the strategy-specific power funcstance theory framework, the rule-based strat
tions were not parallel for our natural taskegy might be conceptualized as an intermediat
involving common words, but rather convergedstate on the way to answer retrieval after suffi-
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cient memory strength for instances has ac- ing, not knowing.Psychonomic Bulletin & Reviet,
crued. However, neither of these models is ex- 107-110. _
plicit about such an intermediate state at thigarvey, L., & Anderson, J. (1996). Transfer of declarative

. . knowledge in complex information-processing do-
time. Indeed, only the recent multistage model mains. Human-Computer Interactiori.1, 69-96.

of Anderson et al. (1997) specifically predictsiealy, A. F., & Sherrod, N. B. (1994, NovembeThe/Thee
the rise and fall of rule strategy usage over pronunciation distinction: A local model of linguistic
training trials. But even Anderson et al.’s theory  categoriesPaper presented at the 35th Annual Meet-
offers no account of the variations we found in  ing of the Psychonomic Society. St. Louis, MO.
the use of rule and instance strategies asgM& D. Sterling, S,, & Trepel, L. (1981). Limitations of
. . i exemplar-based generalization and the abstraction o
function of rule difficulty and FaSk fam'_“amy‘ categorical informationJournal of Experimental Psy-
All of these models predict that instance chology: Human Learning and Memory, 418—439.
memory retrieval should eventually dominat&eating, P. A., Byrd, D., Flemming, E., & Todaka, Y.
for any task. Our results for thinee/thuhtask (1994). Phonetic analyses of word and segment varia
are interesting as a possible exception to that tion using the TIMIT corpus of American English.
expectation. Although more evidence is needed, SPeech Communicatiofd, 131-142.

it mav be that rule application will persist in Kramer, A. F., Strayer, D. L., & Buckley, J. (1990). Devel-
! y u pplicall will persist in- opment and transfer of automatic processiihgurnal

definitely pro_Vided the rul_e can be applied more Experimental Psychology: Human Perception and
quickly than instance retrieval in the later stages Performance 16, 505-522.

of practice. Perhaps, if the rule is easy enougHKutera, H., & Francis, W. N. (1967 omputational anal-
instance strengthening is somehow disengaged Ysis of present-day American Englistrovidence, RI:
and does not continue. Such an instance disen- Brown Univ. Press.

. . gan, G. D. (1988). Toward an instance theory of autom-
gagement mechanism would be at odds with alrf) atization.Psychological Revievgs, 492-527.

models as they now stand, and in particular WIthogan, G. D., & Etherton, J. L. (1994). What is learned
Logan’s (1988) instance theory, which takes as  during automatization? The role of attention in con-
a fundamental assumption that new instances structing an instanceJournal of Experimental Psy-
are encoded into and retrieved from memory as chology: Learning, Memory, and Cognitio?), 1022~

an obligatory and unavoidable consequence of _
attending. Follow-up research addressing thig92" G: D- & Stadler, M. A. (1991). Mechanisms of
. . performance improvement in consistent mapping
issue is warranted. memory search: Automaticity or strategy shii@ur-
nal of Experimental Psychology: Learning, Memory,
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