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A Dual-Task Paradigm I

Abstract
A breadth of research has demonstrated that many cognitive phenomena can be explained by a
dualprocessingccount However little research haattempted to apply duattaskparadigmto
function learningThe present thesis aimsfilth this gapin the literatureby exploiing the
relationship between working memory and function learning beha\iaginty Carleton
University studentsvererandomly assignetb learneithera linear otilinearfunction.
Moreover, participantarererandomly assigned to complete training and transfer under either
single or dualtask conditionslt was hypothesized théte secondary taskould hinder
performanceesulting ina dependency on exemplaased learningJsing a novetlassification
apprach,the results showetthatthe secondary tagkeduced the stability of learnirapproach
However, the results remain inconchesdue to low powerTherefore additional researcks
required to determine whether duatsk paradigms can be usedlistinguish betweerule- and

exemplarbased processing in function learning.
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How Working MemoryModerated-unction Learning BehaviouA DualTask Paradigm
The ability to learrconceptuatelationships isnimportantfacet of human cognition.
Primarily, cognitive psychologists have focusedthe categorization aspectasinceptearning
(SeeKruschke, 1992Nosofsky & Kruske, 1992which underlies humaninterpretation of the
world. For instance, it allowbotanistdo classify plan$ as posonousversusharmlessand
studentdo perceive professemasengagingversus monotonoy$oldstone, Kersten, & Paulo,
2012).Researchihatexamireshow individuals learrronceptual relationships involving
continuous stimulhas received somewhat ledtention however This phenomenois
illustratedby runner$ability to predictthe distance that they have travelled as a function of
time, orbarpatros 6 at t e mp thlseod alawholdeveas afantctien of the number of
alcoholic drinks consumed (Kalish, Lewandowsky, & Kruschke, 2@40h relationshipare
typically described by a mathematical functanmd researcheessess themsing a function
learning task (Brown & Lacroix,2018 Brown & Lacroix, 2017; Busemeyer, Byun, Delosh &
McDaniel, 1997 Delosh, Busemeyer, & McDaniel, 19%alish et al.,2004;Kwantes& Neal,
2006;Kwantes, Neal, & Kalish, 2032
Thereis a growing body of resear@xamininghow individuals learn functional

relationshipsTraditionally, research haought todescrile the mechanissthat underlie
function learning. In line with the categorization literature (Ashby, AlfeRsese, Turken, &
Waldron, 1998; Maddox, Ashby, & BdhR003; Waldron & Ashby, 2001), it has been assumed
that learning functional relationships involves either a-balsed or an exemplaased approach
(McDaniel et al., 2014)The former requires individuals to develop a rule by becoming sensitive
to theunderlying regularities in stimutresponse magnitudes. During the transfer phase, the

developed rule is used to extrapolate when presented with novel stimuli. In contrast, the
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exemplarbased approagbostulates that the memorization of the stimukgpone pairs drives
function learning. When novel stimuli are encountered, they are compared to existing exemplars
and the most similar one determines the resp@visBaniel et al., 2014 )ntuitively, rule-based
learningwould seem morgersatile because regpses from exempldvased learning are limited

only to previously encountered valu€ontemporary research, however, has shown that a

hybrid approach seems to best explain function learning behaviour. Specifically, Delosh et al.
(1997) created and validat¢he extrapolation associative model (EXAM) which posits that
function learning involves both exempland rulebased mechanisms. Extending this research,
McDaniel et al. (2014) demonstrated that individuals vary in the degree to which they employ an
exanplarbased or a rulased approach. Furthermore, the preference for one approach over the
other ismoderatedy working memory capacity. Those who display a lavgaking memory
capacity tend to favour a ruleased approach whereas those with lower imgrinemory

capacity tend to favour an exemplased approach (McDaniel et al., 2014).

This dichotomy betweernule- and exemplabasedearning bears many similarities to
sequencéearning(Curran & Keele, 1993; Keele, Ivry, Mayr, Hazeltine, & He®f03)and
categoization researclfAshby et al., 1998; Maddox et al., 2003; Waldron & Ashby, 2001)
Specifically, theories acrosisoth thesdearning domainsave positedhe existenceof anexplicit
rule-based and implicit exempkaased learning mechanisnNonetheless, very little research
has been conducted using dtesk paradigms to better understand how these mechanisms
contribute to function learnindn fact,only oneset of experimets has attempted to examine
function learning irthis contextand found ambiguous resul{8rown & Lacroix, 2018)

Thus, the goal of the present thesis it totfils gap in the literature by extending research

thatexplores the cognitive mechanismsolved in function learning using a dualsk paradigm
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(Brown & Lacroix, 2018). First, a theoretical background will be presented outtimng
prevalentmodelsthatbestdescribefunction learningas well agypical function learning
behaviour Then, parallel research in sequence and category learning wgkli reinforce the
validity of usingduattask paradigm ithis line of researchlo dissociate between thae-based
and exemplabasednemory systemm function learningl adaped Curran and Keefie £1993)
methodology Specifically, levels of distraction during the training and transfer phases of a
function learning taskweremanipulatedhrough the presence or absen€ta concurrent recall
task (Brown & Lacroix, 2018) thenpresenthe hypothess of theproposedstudyfollowed by a
detaileddescriptionof the employed methodological approa€mally, results will beeported
and interpreted within the context of the outlined theoretical framework.
Theories of Function Learning Behaviour

Individual® a kta ldain theg relationship between two continuot¥ ¥ariables across
a set of trainingtems is typicallystuded usingthefunction learning paradigrifDelosh,
Busemeyer, & McDaniel, 1997First, participants are givemcover story instructing them to
learn the relationship between two variables (e.g., a given quantity of fertilizer and plant growth).
Then, br each trial, an Xsalue is presente@.g., fertilizer)and individuals must estimate the
corresponding Yvalue(e.g., plant growth)Participants must guess at first, but feedback is given
after each trial so that they can eventually infer the correct anBesearchers have used a
variety offunctions that include linear, quadratic, or sinusoidal pati@rmsvn & Lacroix,
2018;Delosh et al., 199McDaniel et al., 2014

Once training is completegarticipantgroceed to the transfer pha$éeir knowledge
of the function is evaluated with a new set e¥dues. Somée within the training regiorand

arecalled interpolatiortems while others go beydithe training region and are called
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extrapolation itemgsee Figure 1). To assess learning, researchers compare how closely the
estimated Yvalues match the defined function using absolute deviation (Bfolarcroix,

2018; Delosh et al., 1997; McDaniel et al., 2014). Therefore, the relationship between accuracy
during training and performance during transfer allows researchers to make inferences about how

individuals learn functional relationships.

\ \ /
\ /
\ /

\ /

\ Interpolation /

\ Region /

\ /

\ /

\ /

\ /

\ /

4
Low High
Extrapolation Extrapolation
Region Region

Figure 1. A sample V shaped function used during the transfer phase of a function learning task
partitioned by region.
Function learning research has revealed a variety of robust phendviesianotably,

individuals appear to learn positive linear functions more easily than any other function
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(Brehmer 1974; Carroll 1963; Delosh et al., 1994). Initial research suggested that this
predisposition resulted from individuals storing-anigerion pairs in memory and fitting them to
the most appropriate function. As simple functions will be learned more effectively than complex
ones, it is unsurprising that individuals consistently attempt to fit a positive linear function to
cuecriterion pairs (@rroll, 1963). However, Brehmer (1974) argued that this does not take into
account the fact individuals learn positive linear functions better than negative linear functions.
Thus, he proposed a tvgtage model called the adaptive regression model wheaeicipants
first discover the rule that defines the -@rderion pairs and thesubsequentl{iearn to apply the
rule to produce accurate responses. Brehmer (1974) assumed individuals are limited in the rules
that they apply and that each one differstiength. As such, he proposed that the order in which
they apply each rule occurs hierarchically. To test this model, he conducted a function learning
experiment in which participants were tasked with agsggmnumbers tawenty-line segments.
Participans were instructed to use any rule they would like for labelling the presented lines.
However, once chosen, participants could not change their rule. Following 20 classifications,
participants were asked to draw the rule they had chosen. Participantstedrnplélocks of
this task while being instructed to utilize a new rule at the onset of each block. The results
demonstrated a predisposition to apply a positive linear rule first, followed by a negative linear
rule, then an equal probability of quadratitd inverseguadratic rule (Brehmer, 1974).
Thereforewhen learning functional relationshipalividualsarebiased to think of linear
functions first.

Despite the ease with which individuaksnlearn positive linear functions, they
nonethelesdemonstate a consistent and systematic error in extrapolating positive linear

functions (Brown & Lacroix, 2017; Delosh et al., 1997; Kwantes & Neal, 2006). Specifically,
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individuals underestimate-Yalues during transfer in the low extrapolation region. Kwantes a
Neal (2006) outlined two competing hypotheses to explain this phenomenon. First, individuals
may be anchoring their responses to zero in the lower extrapolation region. Thus, asiilnesX
decrease, individual sbé r ssupplonshatthe fanctienalr e d uc e d,
relationship passes through the origin of the Cartesian plane. The second hypothesis posits that
individuals assume the-Yalue is similar to the presentedvdluewhen they are unsure of

response valugkwantes & Neal, 2006)To differentiate which of the two hypotheses best
explains why individuals underestimatevélues in the low extrapolation region, Brown and
Lacroix (2017) conducted a function learning task wherein tivegefcept was manipulated.
Specifically, participnts learned a functiahrelationship with a moderate positive intercept, a

large positive intercept, a control in which the intercept was zero, and a negative intercept. If the
X-Y similarity theory holds, then consistent underestimation in the lowsapotation should

occur across all conditions except the control. In contrast, if individuals anchor their response
values to zero, then participants in the positive intercept conditions should exhibit
underestimation in the low extrapolation region, paréints in the control condition should
demonstrate no underestimation, and participants in the negative intercept condition should
overestimate their response variables in the low extrapolation r&yimnn andLacroixé s

(2017) results were consistenttiwthe anchoring hypothesis. Participants appeared to
overestimate response values in the negative intercept conditioamdeikstimate theim the

two positive intercept conditions. Therefore, when learning a positive linear function, individuals
are prelisposed to anchor their responses to zero in the low extrapolation region. In turn,
responses in the low extrapolation region will consistently be underestifoateear functions

with a positive intercept
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Along with generafunction learningpehaviouyresearchers have also begurexplore
the specificmechanisms thatllow for learningfunctional relationshipsBecause individuals can
oftenextrapolateaccuratelyfor exampleresearchrs havearguedhat function learning must
involve a rue-based approadtCarroll, 1963) However,Koh and Meyer (1991)roposedhat
modelsinvolving exemplatbased mechanismgth more sophisticated parameters for
combining and storing stimuli calsoaccount for accurate extrapolatidrhis fact madet more
difficult to conclude which model is corredtherefore Koh and Meyer (1991gonducted a
function learning task to evaluate threde-basedand fourexemplarbasednodels. To compare
them, participants were assigned to complete a function learning task defiegtidna linear,
logarithmic, or power function. Using extrapolation performance, Koh and Meyer assessed the
predictions of the seven function learning models. Across three mgrds, the most accurate
predictor of extrapolation performance wasike-basednodel according to whicimdividuals
develop an algorithmic rule during training that they use to accurately extrapolatginTines
with previous research (Brehmer, 19/finctionlearning was postulated to rely tre use of a
rule-basednechanismHowever,prevailing cognitive theories hademonstratethathumans
can engage in more than one kind of learning (Smith & Church, ZDli8)eforerather than
rely onanexclusiverule- or exemplatbasedperspectiveit is likely thatfunction learning may
be more plausibly described byhybridrule- and exemplabased approach.

The first proponemstof a hybrid approach to function learning can be traced back to
Delosh ¢ al. (1997. Theyclaimed that prior function learning research (see Brehmer, 1@it4)
focused primarily othe learning rate of different function typés fact, very fewhad up to that
pointattempéed todiscern function learning behaviooy testingextrapolation behaviour

Hence due to the limitedesearch, findings that rdeut the possibility of exempldrased
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approacthad to beviewed as preliminarylherefore, Delosh et al. (1997) soughet@luate the
validity of four learning models. Theréit two models werstrictly rule-based modsiwhich
assume individuals can extrapolate accurately (Carroll, 1963; Brehmer, 1974; Koh & Meyer.
1991). The third model, the associative learning model (Aldvgposedhat individuals rely on
an exemplabased approach to learn functional relationsiBasémeyer et al., 1997As such,
extrapolation beyond the interpolation region is impossible. The fourth model, extrapolation
association model (EXAM) is a hybrid mddkeat incorporates the associative learning
assumption of the ALM with a ruleased mechanism to allow for accurate extrapolation (Delosh
et al., 1997)To assess these modddelosh et al. (1997onducted a function learning task
using a quadratic, lear, and exponential functions to measure extrapolation perfornidrece
results indicated that participants learned the linear function faster than the quadratic and
exponential function. Furthermore, accuracy was consistently higher across all function
conditions in the interpolation region compared to either extrapolation regioadly, the best
predictor of extrapolation performance was EXAM. Therefore, Delosh et al. concluded that
peoplebs function | earning p «enplarandaulelased ma y
approaches.

Nonethelesswhile exploring individual differences in function learning performaace,
interesting pattern emergéal a small subset of participantsthe quadratic conditioras shown
in Figure 2. Specifically, soeparticipants did not extrapolate within the high extrapolation
region, some extrapolated in accordance with a purely exetimgdad learning style as
described by the ALM, and some extrapolated nearly perfectly as describdd-bgsed
modeb. Therefoe, there appears to be variability in extrapolation behaviour when learning

functional relationships.

r

e
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Figure 2.Individual differences in extrapolation performance revealed three distinct learning
approaches: rulbased learners (top left), exemplarsedeaners (top right), and ndearners
(bottom) (Delosh et al., 1997).

Currently, only one study by McDaniet al.(2014) has explored how individuals differ
in the degre¢o whichthey rely on exemplaor rulebased learninguring function learning
Borrowing from research in concept learning, they proposed that individuals tend to rely on
either exemplaror rulebased learningnless a task strongly favours one approaétreover,
they contenddthatthis predisposition is stablgthin individuals In theirexperiment
participants completed a function learning task, wherein they learned a bilirglaaped
function. Through the assessment of mean absolute error (MAE) during the final block of

training, participants were categorized as learnem®otearners. Therthoseclassified as



A Dual-Task Paradigm 16

learners were evaluatéy comparing their MAE during transfer to the expected MAE produced
by an exemplar learning model (McDaniel et al., 2014). Participants who performed significantly
different from this MAE threhold set by the exemplar model were classified adeateers.
Otherwise, they were classified as exemplar learners. To corroborate this classification method,
the MAE during transfer was correlated with the MAE during the last block of training.
McDaniel et al. (2014positedthatrule-based learnemsould display gositivecorrelation
between the last block of training and MAE wheregsmplarbased learnersould not For the
latter group, they argued that knowledge of therespose pairingsvould not be related to
extrapolation behaviouthe resultconfirmed th& hypothesesThus, once again it appears that
individualshave a tendency to utilize a particular approach when learning functional
relationships.

Althoughthe preferencdor a particulatearning approach appears stable, little research
has been conductéd examire what moderatethese tendencie$o assess the cognitive
capacities associated with rubnd exemplabased learningparticipants were &gd to return
for asecond experimental sessid his session involverkplicating the results dficDaniel et
a | initabstudy, compleingt he Ravenés Advanced Prasgessessi ve
fluid intelligence and theOperationSpantask(OSPAN to measure workingnemory capacity
Thegoal was to determine if establishm@asures of individual differences mighedict
participantdtendencyto use a ruleor exemplarybased learning approachs expectedduring
the function learning component of the replicatiparticipantdended tdavour either a rule
based or exempldrased approacMoreover, botHluid intelligence and working memory were
significantlycorrelatedwith participant§preferred learning approaddowever fluid

intelligenceaccounteanly for asmallportion of the variance found fanction learning
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behaviour In contrasthigher working memorgppears to bmore stronglyassociated with the
predisposition taitilize a rulebased approadnd not an exempldrased approacMcDaniel et
al. (2014)proposed that the larger working memory capdaitilitates the ruldased learning
processSpecifically, hese additional resources engdgticipantdo extract patterns across
trials, to partitioncomplex functions into simpleomponentsandto ignore initial biases.
Therefore, when working memory capacitynsufficientto allow for such processé&s operate
participants must rely on an exemplased approach to learn functional relationships.
Thus it hasbecomeamore apparent thétinction learning involves a hybrapproachin
fact, theonly viable alternativéo EXAM presently under consideratia different hybrid
modd, the population of linear experts (POLEBpdel (Kalish et al., 2004POLE assumeshat
individuals learn functional relationships through partitiorsogplextraining itemsnto
multiple simplercomponerg. Then,a linear expert function is developed that matches the
partitionedtraining stimuli and produces the correct associated respahses(Kwanteset al,
2012) When presented with novel stimutle closest matching stimusin memory is activated,
along with its respective expert, to prodaceextrapolation respons@&herefore only one linear
expert is requiretb accurately extrapolate linear functiolghena relationship is nonlinear,
however responses are generated fromltiple experts with distinct slopes that maximize
accuracyThe mixtureof-experts method prescritdéy POLEincorporates connectionist
networkknown asATRIUM (Erickson & Kruschke, 1998ATRIUM proposes that
categorization involveboth a rulebased and exemplaased mechanissand comprisesf a
rule module, exemplar module, and a competitive gating mechanisim#teathe two(Erickson
& Kruschke, 1998Kruschke & Erickson, 1994Consequentlyit can be viewed as a hybrid

model.
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To validatePOLE, a variant on the traditional function learning task was conducted
wherein participants weteained to learn twgeparatdine segnentswith different yintercepts
but similar slogs. Moreover, each segment was bound by a different region @atiesian
plane lower and upper regi@nThe transfer region composed of stimuli between both line
segments that were not displayed during trainiigis, participants could extrapolate by
connecting the twdine segments to form a quashusoidafunctionas predicted by the EXAM
model ortheycouldextrapolate in accordance with one of the line segments, which could be
chosen randomly or due to a b{#salish et al., 2004)The results revealed theROLE described
extrapolation behaviouretter tharEXAM. This suggests that individuals may aetrage
stimuli-response @irs held in memorwhen presentedith novel stimuliasproposedy
EXAM. Rather,ndividuals mayutilize a different rulebased approadh which theyapply
series ofinear experts of varyinglopes until one is fount maximizeaccuracyTherefore,
although thee is dispute ovenow individualsgenerate responseshybrid rule exemplarbased
modelappears tdestdescribe function learning behaviour

Finally, McDaniel, Dimperio, Griego, and Busemeyer (208®uld later conduct a
function learning task tdetermine whether the EXAM or POLE model tésscribe function
learning behaviourTheypointed out thaPOLE modehas six free parameterhereasEXAM
only hastwo. This gives POLE a largadvantagen fitting data and makes direct comparison
between thenodelsdifficult. Moreover,to avoid overfitting, researchers typically favour more
parsimonious modeldNgter, Kutner, & Wasserman, 198%hereforeMcDaniel et al. argued
thatapriori predictionsa bout t he mowbeldbes @&stringehtestof tiheur adequacy
Thus, they conducted a function learning taskhichthey manipulatedhe density of transfer

regionsand item orderThen, they compared how well each model fit the training data and how
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well they accurately predicted participants transfer performdreresults indicated that the
POLE modéfit the training performance across all participahtswever, the EXAM wasra
overallbetter predictor of transfer performandée success of EXAM over POLR predicting
transferbehaviouiis attributed to how each modslaffected by stimuli densituring training
Specifically, POLE becomadisproportionallyinfluencedby thedense training regionmesulting
in transferpredictionshasedsdely on thelinear experts devel@a during training As such,
POLE fails toaccuratelypredictperformancevhenit must account fosparselytrainedstimuli in
the transfer regiarin contrastEXAM generates transfer respondesedn a linear rule
associated with theost similarcuecriterion pairencountered duringaining Therefore,
EXAM is able to makeredictions, uninfluenced kijie dense training region, that better
captures participants performance (McDaniel et al., 2008)s, it appears that, in terms of
predictingfunction learning behaviouEXAM is superior to POLE.
Dual-Task Paradigms

Functionlearning behaviour is best explained by a hybrid,-based and exemptar
based, approadelosh et al., 199Kalish et al., 2004Kwanteset al., 2012McDaniel et al.,
2009. Moreover the preference for one approamrerthe othewaries across individuals
(McDaniel et al., 2004 )Specifically,individuals who enjoy greater working memory capacity
tend to utilize a rukdased approach. In contrast, lower working memory is associated with the
preference for an exempibased approacRather than a single learning mechanism, however,
the tendency tprefer one learning approach over another reftbet existence of twdistinct
learning mechanism$he application of a dugdrocessing framework woufdrther supporthe
stable tendency for individuals to prefer either a-rateexemplaibasedstrategy to learn

functional relationship@vicDaniel et al., 2014)n fact,abreadth ofreseach hasdemonstratd



A Dual-Task Paradigm 2C

thatmanycognitivephenomena can lexplainedoy a dualprocessing approacighby,
Alfonso-Reese& Waldron, 1998;Curran & Keele, 1993; Knowlton & Squire, 199addox,
Ashby, & Bohil, 2003; Smith & Church, 201Waldron & Ashby, 2001

For instanceCurran and Keele (1993)roposedhat sequence learning invosmaultiple
learning systemsSpecifically,they described an attentional system that relies on declarative
memory and a nonattentional system that relies on procedural mérdgst theitheory, they
conducted a series sérial reaction time (SRT) task&crossa numberof blockedtrainingtrials,
participants were showstimuli in one of fourhorizontalpositionsin a repeating patteriCurran
& Keele, 1993. For each presentatioparticipants were tasked wikbarningthe keyresgsthat
correspondedtb h e st i mu Rdadienimpswereused to measure howell
participants learn thenderlying sequstial relationship betweethem Participant learningvas
tested in two waysT hefirst occurredwhenparticipantscompletel an unexpectedandomly
sequenced bloa#turing training The randomized block is typically followdxy ablock that
restores theriginal structurel sequenceJoetens, Melis, & Notebaert, 200ZFhis manipulaton
is keyin determiningf a pattern was learne8pecifically researchersan infer learningf
participantsespondslowerwhen presented with a randomly sequenced block compared to the
precedingand subsequent sequenced blodke second sequential effextcurs after
participants have beerdequatelyrainedto learn the sequéal pattern Following training they
completefour more blocks of trialgwo randomly sequenced blockse block thafollows the
original sequence structurthenafinal randomly sequenced blo¢€urran & Keele, 1993 The
sequential knowledge participants gained during training is reflected detiheasén response
time when presented with a sequenced btmrkpared to th#anking randomizedlocks

Thereforepy manipulating the degree to which the attentional system can effectively function,
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these sequential effeatan be used tdifferentiate between the attentional and aitamtional
learning systems

To differentiate between the two learning systeGsran ad Keele(1993)asked their
participants to perforran SRT tas concurrently with a toneounting taskTheypositedthat the
addition of a concurrent task woulak the attentional resource usedléarnthe stimulus
sequencedAs such the attentional learning system wouldduppressedndanylearningthat
occuredwould resultfrom the nonattentional learning systefmus,participantsvere randomly
assigned ta single or duattask conditionIn thesingletaskcondition, participants were trained
to learn the sequence without the secondary task, then subsequently tested with the concurrent
secondary taskn contrastparticipants in the dudhsk condition completed training and testing
with the secondary task presetiring training,the participants in thaeingletaskcondition
performed significantly bettehan theduakttaskcondition When tested under dutdsk
conditions bothgroupsdemonstrated similar sequentidearningeffect Namely, participants in
both the singleand duaittask conditiongxpressed the same sequential knowletdberefore,
whenleft to operate freelythe attentional mechanism cafiectivelylearna sequencddowever,
whenattention is suppresséiadrough the addition of a dutdsk,residual learningtill occurs
usingthe same mechanism utilizedhen participants were trained under dizak conditions
the nonattentional systei@urran and Keele (1998pncluded thathis demonstrates theo
systems are distinct and operate in parallel.

Extending this researcurran and Keele (1998pnducted a second experiment
which participantswvere trained téearn a sequence an SRTtaskunder duataskconditions
thentested without the distractirsgecondaryask Theypredictedthatthe sequential effects

should be similar under singland duaitask conditionsThis would be consistent witheir
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posited duakystems model attentional learning cannot oconhenparticipants arérained
under duatask conditionsWhenthe concurrent task is removed during testary learning
displayed should be based exclusively on the nonattentional syseause ihas not been
given adequate practider learning to occurThe results confirmed theiypothesisDuring
training,learning was demonstrated by therease in reaction time when preseméth a
randomly sequenced blodk trials. Moreover,when testedinder singleask conditions,
participants demonstratedsaquentialearningeffect, thus reflectinglearningstemming fronthe
nonattentional systeliCurran & Keele, 1993)rhereforethese resultprovided further support
thatsequence learningvolves multipledistinctlearning systems.

More recentlyKeeleet al.(2003)presented anodelsupportedy neuroimagingand
behavioural researaihich put forwardthatthe twosequence learning systear® distinct and
operate irparallel.Keele et alrefer tothese systemas themultidimensionabnd
unidimensionakystemsThe multidimensional systemses attentional resourcedearnthe
relation between evenésross differentodalities (e.g., visual and auditory stimulus
sequences)n contrastthe unidimensional systemhichdoes not require attentional resoutces
allowsfor learningalong a single dimensiauch as auditory, visual, or tactdensation

The behavioural evidender these two systenis based on the aforementioned series of
sequence learnirgfudies conducted by Curran and Keele (1988& neuroimagingvidence
stems from research examining the neural corretdtesquence learningnder singleand dual
task conditiongSeeGrafton, Hazeltine, & Ivry199%). Specifically,under singlegask
conditions,sequene learning was associated watttivation inbrainregionsthat mediate
interdimensionahssociatiorand explicit learninguch as thenferior parietaloccipital lobe,

inferior prefrontal caex, andlateral premotocortex In contrastsequence learning under dual
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task conditionsesulted in activation ientirelydifferentbrain regioms responsible formplicit
learningsuch aghe left occipitakcortex left hemispherienotor cortex, anthe junction between
the parietal and occipital lob&hereforethese findingslemonstrateonclusivelythatsequence
learning does involve two distinct learning systems.

Of methodologicaimportancethe sequence learning literatymevidesevidence that
the application of @oncurrensecondaryaskis effectivein dissociatingoetweemmultiple
learning systemd®y interferingwith one systel@s ability to operate effectivelyhe behaviour of
thesecond system can be inferr&ufact, research within the domain of category learning has
favoured the use @& concurrensecondaryaskto test forthe existence anultiple memory
systemgWaldron & Ashby 2001;Xing & Sun, 2017. In a typicalcategorizatioriask,
participantdearn to classify stimuli agne of two distinct categoriegariationsof
categorization tds includelearning to categoriz&aborpatchegMaddoxet al, 2003 Waldron
& Ashby, 2001;Xing & Sun, 2017, fictional animals(McDaniel et al.2014) or making
dichotomic predictions about the weatk@tuck, Shohamy, & Myers, 2002Regardless aheir
variant,the application of aecondaryaskhasaided researchers in understanding the
mechanisms that allow for categorizatito occur.

Themost compelling evidender multiple learning systenstems froma model
proposedy Ashby et al. (1998)n their seminapaper theyproposedhe competition between
verbal and implicit systems (COVIS) modelexplaincategorization behaviouifhe COVIS
modeldescribes two mechanisms tleampeteo produce the strongest resporiBlee first
system the verbal system, relies emplicit declarativememoryand isunder conscious control
(Ashby et al., 1998)Theverbal systenutilizesrule-based learnintp learn easilywerbalizable

categoryrules, typically in the form afinidimensionatules(e.g, Respond A if the vak on
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dimension x > ¢for someconstant). In contrasttheimplicit systemis associateaith
procedural memory amaperateoutside ofconsciousontrol.Unlike the verbal systemhe
implicit systemusesanexemplarbased approado learn category structures in whicleth
underling category rule is impossibte verbalize Throughoutearning, the more successful of
the two systems eventually dominates resulting in either verbal or implicit response behaviours
As COVIS presents a compelling framewdok category learningesearchers sought to
validateit from a behavioural perspectiveccordingly, Waldron and Ashby (200Xpnducted a
categorizatiotaskwhereinparticipants completed binary classificatiomder singleor duat
task condition. Theluattaskcondition involved completing numeric Stroopaskconcurrently
with the classification tasiMoreover participants were randomly assignedlassify stimuli
basedn an explicit, unidimensionabr an implicit, multidimensionaktategory structure
Waldron and Ashbyypothesised thdahe concurrent Stroop task wouiderfere with working
memory andattentional capacities dnas a resulimpact participants a b ildamthey t o
explicit rule.Becauseahe implicit system outlined by COVIS does not require attentional
processes to functiothe concurrent task would have no impact on learning the implicitAsle.
expected,He results revealatiat participants in the dudahsk condition required sigmntantly
moretraining to learn theategorystructures thaparticipantsn the singletask conditions.
Moreover the concurrent tasknpactedthe explicit rulestructuremore than the implicit rule
structure Thus,this lends support for the existermfemultiple learningsystemsif
categorizationnvolveda single mechanisnthen the addition of secondary taskould have
impaced performance irrespective oategory structurddowever, becausgerformance in the
differentcategory structuresere significanthydifferent, clearly, the two structures rely on

distinctprocesses to function.
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To further dissociate the verbal and implicit syss@s well agendfurthersupportto the
COVIS model, Maddox et al. (2003) conducted a categorizationrtaghichindividuals had to
classify sine wave gratings (i.e., Gabor patcheaijticipants were randomly assigned to
complete either a rulbased or an informatieimtegration categozation task. The former task
involved learning to classify Gabor patches based on a single, easily verbalized rule associated
with the explicit system. In contrast, the latter task involved classifying Gabor patches based on a
complex rule that could noebeasily verbalized and was associated with the implicit system.
Furthermore, within each categorization task condition, participants received either immediate or
delayed feedback upon making a response. Maddox et al. (2003) argued that in order to perform
accurately in the information integration condition, particip&ais to receivéimmediate
feedback following a responsas is true of all types of associative learnidigwever, because
the explicit system can utilize working memaoystorestimuli-reponse paringfor an extended
period of timethey posited thadelayed feedback would have little impact on performance in the
rule-based condition. Therefore, it was hypothesized that participants who received feedback
immediately in the information inggation condition would perform more accurately than
participants who received delayed feedback. Moregagticipants irthe rulebased condition
would perform similarly regardless of when feedback was given. The results demonstrated that
delayed feedb&chad minimal impact on rulbased categorization performantecontrast,
feedback delagreatly hindered information integration performaniaken together,
categorization appears to be yet another cognitnemomenothat can be best explained
through a duaprocessing framework.

As discussed previouslfunction learning behaviowalsoappears toely on a hybrid,

rule- and exemplabasedsystemapproach{Delosh et al.1997 McDanielet al, 2014).
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Moreover,thetendency for an individual to useule-based approach over an exemyilased
approach isnoderatedy their working memory capacity (McDaniel et al., 2DParallel
research ircategory angequence learningavedemonstratega similarassociation between
working memory andule-based learningnd have outlined extensideialprocessing theories to
explain this phenomendgAshby et al., 1998Curran & Keele, 199X eele et al., 2003yladdox
et al., 2003Waldron & Ashby, 2001 This congruency betweetasksimpliesa duatprocessing
frameworkmight adequately explaiiunction learningoehaviour

Presently, however, onlyne seriesf experiment$as attempted to examirfeinction
learning in a duaprocessing contexgpecifically,acrossa series oéxperimentsBrown and
Lacroix (2018 applied a concurrent task to a function learning.thstheir first experiment,
participants learned eitheliaearor aquadraticfunctionwith the absence or presence of a
secondaryaskduring training Thesecondaryaskinvolved a memorgcanning task wherein
participants were shown a string of four lett@nslhadto report whether a given letter was
included in the presented string or fatowing each function learning triaBrown andLacroix
(2018 hypothessedthat the additiorf thesecondaryask would tax working memoigapacity
inhibiting the rulebased learning mechanisirherefore, participants in the detakk condition
would exhibitan exemplabasedearningstrategyMoreover, due to thbiasparticipantshave
for learning linear functiondBrehmer 1974) participantsvould learn the linear functiohetter
than thequadratidunctionand as such, the prevalerafeexemplarbased learningrould be
more appagnt in thequadraticshapecondition Interestingly,a novel approach was applied to
measure performance during trainiggecifically, across all conditions, a respeosgeerion
correlation was calculated determine how wellesponsematchedthe correct criterionrBrown

and Lacroix (2018argued thathe correlation, often referred to as the achievement inamxd
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reduce the impact s&sponseariability acrosgrials that resulted from the addition of the
secondaryask Usingthis achievemenindex,the results revealed that during training,
participants in the linear dugdsk condition performed better than participants ingthedratic
duattask conditionDuring transfer whenthe function was lineathe addition of a&oncurrent
taskduring trainingdid notreduceparticipantdability to learn the functional relationship
Moreover, wvith respect to thguadraticcondition,there was no apparent difference in transfer
performance when participants were trained usdegle or duattask conditions for the
guadratic functionThis null affect stemmed from tlexceedinglylow performance in the
guadratic condition acrosmth the singleand dualtask conditions.

Although theresultswith respects tthe linearconditionwereto be expectedhe
absence of an effeirt the quadraticconditionwasnot. Brown and LacroixZ018 attributed
their findingsto the difficulty oflearningthe quadraticshapgunction Specifically, regardless of
task condition, participants failed performadequatelyor this function Asresearch has
demonstrated individuals can leaymadraticshaperelationships fairly wellDelosh et al., 1997,
McDaniel et al., 2014 this presemda problem. ThusBrown and Lacroix(2018)conducted a
second experiment with a few keodifications First, rather tham linear or quadratic function,
all participants learnedkilinear, V-shaped function under singler duattask conditions.
Moreover,the secondaryaskcorsisted of aecall task Participants wer@resented with four
letters prior to eactrainingtrial and asked to recathe letters in their correct order following
each trial.Thisadjustmentn the concurrent taskcreased itglifficulty, thereforeincreasing the
strength of the manipulatio&imilar to their first experiment, Brown and Lacr¢2018)
hypothesized thahe addition of a concurrent task would résola decrease in training

performance compared to participants who learned the ratwithout the recall taskhe
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difference in training performaneeould translate directly to transfer performance, that is,
participants in the dudhsk conditionwould performwaorse tharparticipantdn the singletask
condition.Finally, andof key importance, the concurrent tag&uld inhibit working memory
and as a result, interfere with the rbl@sed learning mechanisirherefore, thergvould bea
higher proportion oéxemplarbased learners in the ditakk condition compared to the dieg
task condition

Consistent with thiefirst hypothesis, participants in the ddakk condition performed
worse across the training blodksn those ithe singletask conditionHowever, contrary to
their second hypothesisansfer performance acrasskconditiors differed only in the
interpolation regionMoreover, there was no difference in the proportion ofbaleed and
exemplarbased learningcross task conditionBrown and LacroiX2018)concluded thtthe
concurent taskdid not impaciparticipantdability to learn theshape of the functiorRatherjt
impairedtheir ability to learn training exemplarssultingin pooer interpolation performance.
Finally, participants irboththe single and duaitask conditions demonstrated a distinct
dichotomous relationshjphey either learned tHanction shape or they did ndtaken together
theseresults suggest thatcancurrentecall taskadequatelynterfereswith working memory
capacity,as shown by thpoorer training performanaender duataskconditions However,
during transfer, when the concurrent task is remaothedrulebased mechanism appears to be
able to operate freely resultingsimilar extrapolation performance regardless of training
condition.Speculatively therretaining the secondary task during transfer nmiigtthekey in
teasing apart the two learning systems.
The Present Thesis

Thepresentdreviewhashighlighted several kegonsistencieacrosdearning
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paradigms. Namelyearning a sequencagcategory, oafunction involves two mechanisms, a
rule-based and exempldased systenAchby et al., 1998Curran & Keele, 1993; Delosh et al.,
1997;Kalish et al., 200% The rulebased system, accessible by conscious thought, relies on
attention and working memory to facilitate learning. In contrast, the exesgysdtem operates
without conscious thought and does not require attention and working memory to fuhlcdon.
preeminentheoriesin both category and sequential learnivayedemonstratedoth
behaviourally(Curran & Keele, 199X nowlton et al. 1996 Waldron & Ashby,2001) and
neurologically(Ashby et al., 1998 eele et al 2003, thata duatprocessing framewor&an
explain the dataCurrently,only oneset of experimentsas attempted to apply a dymbcessing
framework to function learninigy differentiatingbetween the two learning mechanisf@sown
& Lacroix, 2018. Although thesecondaryask impacted training performanicea way that was
consistent witta duatprocessing paradigm, transfer performadicenot

Therefore, the goal of the present thesiseaito extend research involving tloeiat
processing paradigin relation tofunction learningRatherthanaddinga secondaryaskonly
during trainirg, as previous resedrén categorization and function learningvealone Brown &
Lacroix, 2018 Waldron & Ashby, 201), thefollowing experimenextenadthis methodology
by also including a secondary task during tran$farticipantsvererandomly assignetb
complete a function learning task in which they ledmither a lineaor bilinearV-shape
function.Acrossfunction conditionsthe working memory loadr/asmanipulated for botthe
training and transfer phas@herefore participantsvererandomly assigned twompletetraining
and transfeundereither single or dualtask conditionsThis yieldedfour distinct conditions for
each of the function typeBirst, a control conditiorwherein participantaeretrained and tested

without the secondary tagke., SS condition)Secondlya condition in which participantsere
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trained and tested under duask conditiongi.e., DD condition) Third, a conditionwhere
participantsveretrained with the secondary task present then tested without the secondary task
(i.e.,DS condition. Finally, onein which participantsveretrained under singleask conditions

then subsequently tested under etlagk conditiongi.e., SD condition)

The most crucial predicti@targeedhow performance diffawhenparticipantsare
trainedandtestedunderdifferent working memory load#é\s suggested by Brown and Lacroix
(2018) these differencesere expected teemain consistenwith both the linear an¥f-shaped
conditions.In terms of the SD condition,venparticipantsveretrained without asecondary
task,accuracywas hypothesized tioe comparable to th8Sgroup However, wheithe
secondary taswasadded during the testing phaaecuracywas hypothesized tdecrease
significantly. This predictiorstems fromCurran and Keele (1998)ho argued thahe addition
of a secondary task inhibits the explicit systamd thusperformance reflesta reliane on the
remaining implicit systenilherefore, thelecrease in performaneeaspredicted taeflect
participantsdependency on exempibased learningAlong with accuracy scorethetrendwas
hypothesizedo emerge in the proportion of ruleased and exempléased learner§hat is,
compared to th&Sgroup,therewould beno difference ircharacterizatioof each type of
learne during training During transfer, howevemore participantsvereexpectedo be
characterized asxemplafbased learnethan in theSS

With respects to thBS condition the predictionsin the present thesis reflectpast
research. Specifically, the research by Brown and Lac2ixg§ foundthatthedegree to which
anindividual learned a functional relationship was dichotomthesy either leardthe
relationship or notTo this effectparticipants whaveretrained under dughsk conditionsvere

expected tperform lessaccuratelfthanthe SSgroup. Fowever, this differencevould notbe
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reflectedin the transfer phasghen thesecondaryaskwasremovedBecause working memory
wasable to operateffortlessly,l hypothesizedo difference in transfer performance between
theDS grouwp and theSSgroup (Brown & Lacroix2018. Moreover, consistent with previous
research, thdegree to which a participant favedione learning approach over the ottser
predicted taemain consisterftom training to transfer (Brown & Lacroi®018 McDaniel et
al,, 2014).

The addition of th&SandDD conditionsallowedfor an examinatiomf function
learningin relation to the availability of working memory resourcks such within each
condition the tendency to utilize rleased or exempldrased learningvaspredicted to be
stable (Brown & Lacroix2018 McDaniel et al., 2014However participants in th&S
conditionwerehypothesized tperform bettethan any other condition. In contrast, participants
in theDD conditionwere expected tperformthe worst of all condition type3his significant
decrease in performaneaspredicted to resufrom a predominance of exemplaarners
across botlrainingandtransfer.Finally, consistent with previous research, participantbe
linear function conditionvere hypothesized toutperform participants in thé-shapedunction
condition (Delosh et al., 1997, McDaniel et al., 20kgjardless ofevel of distraction
Moreover,across all conditiongarticipantsvereexpected tgerform better in the interpolation
region compared to either extrapolation regiB®wn & Lacroix,2018 Delosh et al., 1997,
McDaniel et al., 2014)

Method
Participants
Eighty undergraduate students enrolled in either a finsseconeyear psychology

coursewererecruited for the present experiment. Each participastandomly assigned to one
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of eight conditionss shown ifable 1 All studentswererecruited using the Claton
University SONA system. Moreover, they recelgecourse credit of 1% for their participation
as compensation.

Table 1

Total sample sizdaroken down acrossinction type and working memory condition

Linear Bilinear
DuatDual 15 6
Dual-Single 4 16
SingleDual 16 3
SingleSingle 3 17

Stimuli

Training stimuli consigd of seventeen evenly spaced integer values ranging frem 60
140. The bilinear relationship (shapedwascomposed of two linear functions with an
inflection point at X = 100Following McDanielet al.(2014), when Xvasless than or equal to
100, the relationshivasdefined by the function: y = 229i22.197x. When Xvasgreater than
100, the relationshivasdefined by the function: y = 2.197x210. Finally, following the
procedure of Brown and Lacroix (2018), the linear relationslapdefined by the function: y =
0.72x + 5.5. The training stimuli and their correspondirgalue for both the linear and-
shapedunctions are shown in Tab® All Y -valueswererounded to th nearest integer.
Transfer stimulwasgenerated following a similar procedure. The low and high extrapolation
regions consigdof 16 values ranging from-27 and 143198, respectively. The interpolation
region consigdof sixteen unique integer valuemnging from 62138. All transfer stimuli and

corresponding Yalues is shown in Tab
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The experiment was conducted usindesktop computer with a 14ir&h monitor
running thek-prime 2.0 Softwar¢Schneider, Eschman, & Zuccolotto, 2002). Each fomncti
learning trialwasdisplayed on a screen with a white background. Tivalieswerepresented
as the length of a red bar on a marked scale with 20 tick mark as shown inF-ifjueescale
rangeal from O to 200. Therefore, each tick mark indickdeunit increase in X by 10. The stimuli
werepr esented on the vertically centered top th
weredisplayed in a text box ortéird from the bottom and left of the display screen. The text
boxwaslabeledEstimated Beros
Table2

Stimuli and corresponding-Yalues used during the training phase.

X-values Y-value X-values Y-values
Quadratic Linear Quadratic Linear
60 97 49 105 21 81
65 86 52 110 32 85
70 75 56 115 43 88
75 64 60 120 54 92
80 53 63 125 65 96
85 43 67 130 76 99
90 32 70 135 87 103
95 21 74 140 98 106

100 10 78
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Table3
Stimuli and corresponding-Yalues for items in the low extrapolation, interpolation, and high

extrapolation regions during the transfer phase.

X-values Low Extrapolation X-values Interpolation X-values High Extrapolation
Y-values Y-values Y-values

Linear  Bilinear Linear Bilinear Linear Bilinear
2 7 225 62 51 93 143 108 104
6 20 216 68 54 80 147 111 113
10 13 207 72 57 71 151 114 122
14 16 198 78 62 58 155 117 131
18 19 190 82 65 49 158 119 137
21 21 183 88 69 36 162 122 146
24 23 176 92 72 27 165 124 153
28 26 168 98 76 14 168 126 159
32 29 159 102 79 14 172 129 168
35 31 152 108 83 27 176 132 177
38 33 146 112 86 36 179 134 183
42 36 137 118 91 49 182 137 190
45 38 130 122 93 58 186 139 199
49 41 122 128 98 71 190 142 207
53 44 113 132 101 80 194 145 216

57 47 104 138 105 93 198 148 225
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Zebon Amount
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Figure 3. Visual depictions of presented stimuli across three separate trials.
Feedbackvasdisplayed in a text box orthird from the bottom and right of the display
screen. The feedback text baaslabeled+/- Difference in Beros EstimatioBoth the
participantso6 r eeedisplygwdmmenaallyintiz a8 Tinaes Mew Roman,
black font. See Figure 4 for a sample function learning trial.
Experimental Design
Participantsvererandomly assigned to complete a function learning task wherein the
relationshipwvasdefined by either linear or-shapedunction. Furthermore, the presenor
absence of a secondary task during the training and transfer pheaséscross participants.
This task manipulatioresultedn four task conditions: completing both training and transfer
under a singktask condition, completing training and tséer under a dughsk condition,
completing training under a dutgsk condition and transfer under a singlsk condition, and

finally completing training under a singlask condition and transfer under a dtzelk condition.
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Thus, the experimembmpiisedof a 2 (function: linear vailinear) x 4 (Task:SSvs.SDvs.DS

vs. DD) betweenrsubjects design.

Zebon Amount

..
0 10 20 30 40 S0 60 70 &0 90 100 110 120 130 140 150 160 170 180 190 200

+/- Difference in

Estimated Beros Beros Estimation

Figure 4. A sample function learning trial
Procedure

The experimentook place in small and quiet testing rooms. After informed consest
obtained, participantsereseated at roughly 75 cm from the computer monitor. Moreover, each
stimuluswasdisplayed at approximately 5 degrees of visual angel. Under the supervision of an
experimenter, the participanigregiventhe followingcover stoy (see Brown & Lacroix,
2018). Participanteeretold to assume the role of a scientist working for NASA who just
discovered a new organism. This organism absorbs a fictional chemicalZ=itleshnd emits a
different fictional chemical calleBeros Paricipants read that their job, as a NASA scientist,

wasto predict the amount @erosthis new organism emits, based on the amou#ebbst
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absorbed. After participants read the cover stibigy completel threepractice function learning
trials thatmimickedthe training phase of the experimertirthermore, following training,
participants completethree more practice trials thiailow the transfer phase procedure.
Moreover, the presence of the secondary task during the first or second halbraictice trials
mirroredthe condition the participamtasassigned too. For example, participants inS&e
conditiondid not practice the secondary task during the practice trials. In contrast, participants in
the SD condition only practice the seconday taskduring the final three practice trials. These
practice trials ensudghat theparticipants undersbd the experimental procedure. Participants
weretold to be as accurate as possible during the function learning task, however, those in the
duaktak conditionweretold toachieve a minimurthresholdof 90% accuracyn the secondary
task. Following practice, participantsovedto the training phase followed by the transfer phase.
Upon completing the transfer phase, the experiment terrdireatd paitipantsweredebriefed
by the experimenter.
Function Learning Task

The function learning taskassimilar across both singland dualtask conditions.
Moreover, the procedusgasalso consistent across function type, the only difference being the
shape of the function (e.qg., linear dinearn. The experiment includia training and transfer
phase.

The training phase conséstof twelveblocks of seventeen triails whicheachX-value
waspresented once per trial. Furthermore, the presentation of eaaluévasrandomized
across each block. During each training trial, a red bar on a markeavssalsplayed
representing the amount 8ébosthe organism observed. Then, usihg numeric keypad,

participantanadetheir Berosestimate anduse he fenter 0o key to input
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wasno time constraint for participants to enter their estimation during this ghak®yving the
procedure outlined by McDaniet al.(2014), feedbak consised of the signed deviation
between the participants estimaierosemitted and the actuBlerosemitted. Feedback ag
displayed for 1500ms.

The transfer phase congidbf one block of fortyeight trials. For each transfer trial, the
amount ofZebosabsorbedvaspresented and participants eetdéthe amount oBerosemitted,
similar to the training phase. However, participdr#d10 seconds to enter their estimations fo
each trial. Moreover, feedbagkasnot displayed for the function learning trials during this
phase. Across all participants, transfer stinudrepresented in ascending order, starting with
the low extrapolation region.

Secondary Task

The secondaryaskwasadopted from Brown and Lacroix (2018). The experiment
procee@das follows for participants assigned to a eiaak condition. First, theyawa fixation
stimulus (i.e, the addition symbol) in the center of the screen for 500ms in size 25, Temes N
Roman font. Next, four consonamtererandomly selected without replacement and presented
horizontally in the center of the screen for 2000ms, in size 25, Times New Roman font. Then, the
participants completka function learning trialJsing the keybard, theyweregiven five
seconds to enter the lettéhatthey saw prior to the function learning trial. Participants exlter
their response by Fipalyfeedbadak fprthe seeonday taghe r 0 ke vy .
displayed visually and auditorily fol0®ms.Specifically,whenparticipantsverecorrect, the
wor d @ Cor redicthel centeraoptipe saeen in green text, size 25 Times New Roman

font followed by asinewave pure tone (500 Hz)n contrastwhen theyparticipantswvere
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incorrect,thevo r d A | n c o edinghe tehtér of thp gcreen in red text, size 25 Times
New Roman font followed by a sawtooth tone (115 Hz).

The singletask condition follovedthe exact same structuieensure the two conditions
are comparable temporally. Rathlan consonants, however, participaawa string of four
asterisks prior to each function learning trial. Moreover, a single asteasklisplayedh the
center of the screen for 500ms in place ofsbeondaryask feedback following each function
learning trial.

Results
Data Trimming

Three participants were removed from the dathseause they producechigh
frequencyof extremeresponsethatweremore tharfive standard deviatiorsbove the meaof
thetraining rang€M = 80.2%) Following their removalsome data were stilive standard
deviations beyond the meafthetraining(M = 0.36%,SD= 1.02%) and transfeM = 1.79%,
SD= 2.49%)range A winsorizing procedure wakusemployed to reduce the impact of these
extreme vales on further analyses (Ghosh & Vogt, 2012). Therefmmss the traininglocks
and transfer regiontheseremainingoutlierswhere transformed to valuédsreestandard
deviations away fronthe meangor eachparticipant

In addition, fve participants were remové@cause they did not perform the secondary
task according to the given instructioRfally, two more participants were removed from the
analyss because they lett significantly large proportion of transfer responses b{ihk
51.04%). Of the remaining participants, the proportion of blank responses per participant during

training M = 0.04%,SD= 0.27%) and transfeM = 0.34%,SD= 1.23%)was negligible
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Working Memory Task

To measure accuracy on the working memory tpakticipants were given 0.25 points
for every lettereported in the correct position within eadhaltfor a maximum of 1Throughout
the experimentparticipants maintained high accuracy on the working memory kask (
91.98%, SD=5.14%). To ensur¢hataccuracy did not differ across function arakk
Condition a 2 (linear vs. bilinear) & (SD vs. DS vs. DD) betweesubjecs ANOVA was
conducted. The dependent variable was working memory accuracy. Neither of the main effects
nor the tweway interation reached significanc@$> .2). Thereforeworking memory task
accuracy was consistently high across the experimental conditions.
Training Performance

To asseshow performance differed across function type sagkcondition, a threavay
2 x 4 x 12 Mixed-Design ANOVA was conducted. Thetweersubjectdactorswere Function
Type (linear vs. bilineandTask ConditionDD vs. DS vs. SD vs. SS), atfte withinsubject
factor wasBlocks (£12). Mean Absolute Error (ME) was the dependent variablewas
calculated byaking the absolute difference thie participants response magnitueed the
correct responsir each triathenaveraging the differences for each blobkie to a violation in
t he Mauchl yo6 s antdaenwderate $izkepgioh, the GreenhbugEeisser correction
was used to assess significam2g67) = 369.3,p < .001,U= .36Q The results are shown in
Figure 5.

As hypothesized, the analysis revealed a significant main ®ffeBlock and Function

Type, F(3.96, 249.29) = 18.9,< .001,d [ .23 andF(1, 67) = 47.5p < .001,d [ .43,
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Figure 5.Training accuracy for the linear (top) and bilinear (bottom) conditions across working

memory condition and training blocks.
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respectively Thissuggestthat acuracy increased throughdwiningand thaparticipants
learning the linear function consistently outperforramselearning the bilinear function.
However, the main effect dfask Conditiorfailed to reach significang(3, 67) = 0.73p = .537.
The main effects were qualified by a single tway interaction of Block by Function Type,
F(3.96, 249.29) = 4.2 = .002,d F .063. Both the Block byask Conditiorand Function
Type byTask Conditiorfailed toreachsignificanceF(11.87, 24%29) =0.67, p=.991 and~(3,
67) =0.713 p = .548, respectively. Finally, the twway interactions were not qualified by
significant threeway Function Type by Blocks byaskCondition interactioni-(11.99, 249.2p
=0.51 p=.907.

Thus, contrary tohe hypothesis, accuracy across the training blocks differed depending
on the function type participants learned irrespective of working memory condition. To
decompose the significant twaay Block by Function Type interactiotie simple main effects
wereanalyed Performancen both the lineaF(11, 34) =10.632, p<.001, and bilinear
condition improved across training(11, 41§ =23.184 p <.001. Finally, a comparison of
participantsd performance on t hhelintaacenditiom!l oc k o
(M =5.99,SD= 5.99 were more accurate than those in the bilinear(bhe 23.28,SD=
13.82) t(67) = 6.58p < .001,d = 1.63.

Transfer Performance

Next, athreeway 2x 4 x 3 Mixed-Design ANOVA was conducted to evaluate transfer
performanceThe betweersubject factors wereunction Type (linear vs. bilineaandTask
Condition(DD vs. DS vs. SD vs. SS), atite withinsubjects factor wasransfer Region (low

extrapolation vs. interpation vs. high extrapolationPnce again, the dependent varialbes
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MAE and was calculated following the same procedure as the training perforrbaacesults

are shown in Figure 6 an
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Figure 6 Transfer performance of participants who leartedihearfunction, partitioned by

region, across Task conditions.
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Figure 7. Transfer performance of participants who learnedtleear function, partitioned by

region, across Task conditions

Due to violations of sphericitgnd alargeepsilon thefollowing analyses are presented

with a HuynhFeldt correctione® (2) = 15.63, p < .001,U= .930. As predicted, and in line with

previous research (Brown & Lacroix, 20I3elosh et al., 1997; McDaniel et al., 20,1#he
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analysis revealed significant magffects for theTransfer Region and Function Typ€1.86,

117.19 =29.37 p<.00% d F .32 andF(1, 67 =135.55 p<.001, d F .678, respectively. In
contrast, participants® ac cTask@ondytionB(8,8)=not si gn
1.02 p =.392. The significant main effects were qualified by a significantwag interaction

of Transfer Region and Function Typ&€1.76, 117.19 =47.5 p<.001, d F .43 However,

Task Conditiordid not significantly interact with Function Type Bransfer Regionk(5.58,

117.19 =0.91 p=.481 and~(3, 67 =1.02 p =.392.Finally, the threevay Transfer Region by

Task Conditiorby Function Type interactiowas not significant=(5.579 117.1j =1, p=.428.

To further understand how function type and region affected transfer performance, a
simple main effects analysis was conductetevealed a significant effetr the linear function
type,F(2, 65.51) = 11.44p < .001.Posthoc analyss using a Bonfermi correction then showed
thatparticipants performedorse in the high extrapolation regidvl € 16.05,SD= 11.22) than
thelow extrapolation1 = 8.11,SD= 3.71) and interpolatiorM = 8.41,SD= 8.96) regionsThe
simplemain effects analysiwasalsosignificantfor the bilinear function type;(2, 64.91) =
76.44,p < .001. As hypothesized, participants performed significantly better in the interpolation
(M =24.39,SD= 15.15) region compared to either the ldw=£ 104.96 SD= 39.02) or high¥
= 69.99,SD= 37.62) extrapolation regionsloreover, participants performed better in the high
extrapolation region compared to the low extrapolation red¢dence learning did occur across
both function conditiondyut there was little evidence thaetbecondary task had an impact on
the results.

Assessment of Learners
To further examine how the addition of the

ability to learn either function, an exploratory analysis was conduétesd, participants were
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caegorized as either learners or Hearners through the assessment of MAE in the final block
of training (McDaniel et al., 2014). Specifically, participants who achieved a MAE of 20 or less
were classified as learners while the remaining participantsclassified as notearners. As
shown in Table 4, 45 participants were classified as leafaeto the ease at which
individuals learn linear functiong,was unsurprising tha much higher proportion of
participants in the linear condition exhibitieérning (75%) compared those inthe bilinear
condition (25%).
Table4
Thepercentagef participants classified as learndosoken dowracross function and working
memory task conditions.

To furtherexplorewhether participants exhibited ref@sed or exempldrased learning,
a novel approach was employesingthe angle of inclinatioof thedefinedlinear and bilinear

functions This was calculated by taking the arctangent of the slope formed byattie and the

Linear Bilinear
DuatDual (13) 92.31% (5) 40%
DualSingle (3) 100% (13) 23.08%
SingleDual (13) 92.31% (3) 66.67%
Single-Single (3) 100% (17) 47.06%

*Brackets indicate total sample size of the respective cell

lines specified by the functions. Riwe linear function, the angle of inclination wa&s & for
boththe low and high extrapolation reg®irorthe bilinear functionthe angle of inclination
was-65.9 for the low extrapolation region and 6%tér the high extrapolation region.

Participants wereharacterize@s exhibiting ruldbased learning if the angle of inclination of
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their applied function fell withvithin a+ 5°bound of the defined functio@therwise they were
characterized as exemplaased learners.

The results for the linear condition are shown in Table 5 and those for the bilinear
condition in Table 6. The column labels represent learning approadtieg tlansfelby region
specificallylow extrapolatiorhigh extrapolation pairs. The data suggests a trend such that a
large proportion of participants favoured a mixed approach (68.97%), compared thasede
approach (27.59%) and an exemgased aproach (3.44%) in the linear condition. In contrast,
participants assigned to the bilinear condition trended towards a more stable strategy.
Specifically, participants appeared to favour an exemplar approach (66.67%), over a mixed
(20%) or rulebased appadc h ( 13. 33%) . Taken together, parti
stable across the lovand highextrapolation regions, irrespective of working memory condition
when participants learned the bilinear function. However, when learning the linearrytiotio
addition of the secondary task seemed to hinder the participants ability to consistently use a rule
based approach throughout transfer.

Discussion

The goal of the present thesis wasl&bermine the extent to which function learning can
beexplained by a dugdrocessing frameworlEindingsfrom analogous learning domaisigch
as category and sequence learr{ifaghby et al., 1998; Current & Keele, 1993) sugeéttat
learning a functional relationshipay alsarely on exemplarand rulebasel approachs
Furthermore, the predisposition to prefer a+hésed approach is positively associated with an
individual 6s wor ki ng me mo r Howave, fitkeceseargh hagsMc Dani e

attemptedo determine the extent to which disruptimgrking memory processasterferes with
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Table5
Proportionof learningapproacles in the linear conditiorby Task The pairs represent

approaches used in thew extrapolation high extrapolatiorregions.

RuleRule RuleExemplar ExemplarRule Exempla-Exemplar

DuatDual (4)33.33% (8)66.67% (0) 0% (0) 0%
DuatSingle (1)33.33% (2)66.67% (0) 0% (0) 0%
SingleDual (2)18.18%  (8) 72.73% (0) 0% (0) 0%
SingleSingle (1)33.33% (2) 66.67% (0) 0% (0) 0%

Note Brackets indicatéhe number oparticipantsvho exhibited each learning approach across working memory conditions

Table 6
Frequency count of participants learning approach in the bilinear condhigr ask.The pairs

represent approaches used in the low extrapolatibigh extrapolatbn regions.

Bilinear RuleRule RuleExemplar ExemplarRule ExemplarExemplar
DuatDual (0) 0% (1) 50% (0) 0% (1) 50%
DuatSingle (0) 0% (1) 33.33% (0) 0% (2) 66.67%
SingleDual (1) 50% (1) 50% (0) 0% (0) 0%
SingleSingle (1) 12.5%  (0) 0% (0) 0% (7) 87.5%

Note Brackets indicatéhe number of participants who exhibited each learning approach across working memory conditior

function learningThus participantcompletedan experiment for whicfunction type andhe
presence of a secondary taskiedto assess how impeding working memory affected their
learning approachAs suggested by previous research, participants in linear condition were
expected to outperform those in the bilinear condition (Delosh et al., 1997; McDaniel et al.,

2014).Furthermore, during transfer, it was hypothesized that participants would perform better
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in the interpolation regions compared to either extrapolation redtomaly, the central
hypothesis for this thesis was thia¢ addition of a secondary taskould corsistently increase
the proportion of participants characterized as exenijalaed learners for both the linear and
bilinear function conditions (Brown & Lacroix, 201&s such this increasavould result in
lower accuracy across training and transfer wthensecondary task is present.

As predictedparticipants performed significantly better when learning a linear function
thana bilinearone Theeasewith which individuals learned the linear functiorayreflectthe
hypothesizedhierarchical naturef function learning Specifically, research has consistently
shownthat individualswill first suppose functions to be positively linear anithi$ assumption
does not work, thegnove on to negatively linear and subsequentlylireear assumptions
(Brehmer,1974; Delosh et al. 1994; McDaniel et al., 20MJyreover, Byun (1996)
demonstrated that participants make fewer errors when extrapolating a positive linear function
than a logarithmic, negative power, and a positive power funditenmost salienéxanple of
thisphenomenon emerged in the daalgle and singlsingle conditios asshown in Figure.
Specifically,participants appeared to extrapolate closer to the defined function in the high
extrapolation regiorrepresented by a positive linear functicompared to the low extrapolation
region.The analysis also confirmedittse t h e s ihypdtlesisPagticipamtsadiere more
accuraten the interpolation regiothaneitherthe lower or higheextrapolatiorregions.This
finding suppors the notion that learning did occur for both functions. In fact, MAE error in both
interpolation regions approximated the MAE during the final block of training, debpifact
that they involvedhovel stimuli.In sum, the current experiment replicatey benchmark

function learning findingsBrenmer, 1974;Delosh et al.1997 McDaniel et al., 2014)
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Unfortunately the addition of a secondary task failed to yield any conclusive effiect
function learning performance. That is, MAE was similar across working memory conditions
throughout training and transfer irrespective of whether participants learned a linear or bilinear
function. Furthermore, the secondary task did not result in agasern the proportion of
exemplarbased learners following participadtategorization using their angle of inclination.
Tables 5 and 6uggests that the propensity to favour a-hdseed or exempldrased approach
was dependersolelyon the learned fuition. Specifically, participants who learned the linear
function favoured a strictly ridlbased approach considerabigre tharan exemplabased
approach. Conversely, participants who learned the bilinear function favoured an exsasptar
approach ovea rulebasedne Taken together, it appears that the stability of individuals
learning approach superseédie interfering effect of inhibiting working memor$gpeculatively,
however, Figure suggests the addition of a secondary task during the teamic transfer
phasanay havampedel the participantdability to employ a ruldased strategy in the
ascending portion of the function. In contraghenthe secondary task was removed during
either of these phasgsarticipantsseenedto have beeableto extrapolate beyond the training
range in the high extrapolation regidfevertheless, none of the findings were statistically
significant.

Despite its findingsthe present these is not without limitations. Most prominently, the
experiment lackanadequate sample size and tinasseverely unpowered. The effects of a low
powered study are known and well documenduch is why psychologists strive to reach a
high level of power (~80%) when conducting research (Fraley & Vazire, 2014; Funder & Ozer,
2019;Gignac & Szodorai, 2026If the present experiment had been nmadlequately powered

then it might have been revealed thatexondary taskaninterfere with the mechanism
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associated with rulbased learningvhile leaving the exemplapased systenmtact.In turn, this

would parallelthefindings insequencéearningand categorizatiothatallowed researchers to

concludethattheyoperate within a dugdrocessing framework. For exampNissen and

Bullemer (1987) concluded thatultiple mechanismsnust be involved isequence learning

whenpartici pants who suf fmeweeedbldtoexhibit dequensah k of f 6 s

knowledge in an SRT taslespitean explicitlack ofawareness of the repeating pattern

FurthermoreMaddox and Ashby (2001) demonstrated that category learning is mediated by

multiple learning systems by pairing a categorization task with a concurrent Stroop task resulting

in an inability for participants to use rdbased learninglherefore it could tien be concluded

that function learning is yet another domain tiaty be explained byultiple learning systems.
Beyond its limitationsthe present thesis contributes meaningfully to the growing

function learning literatureSpecifically, by usin@ slope analysis approacth wasable to

capturespecificdifferencesn learning characteristics during the transfer pliasiee low and

high extrapolation regiarThis diverges from previous research that has typically averaged MAE

across both regions (McDighet al., 2014), an approach which may not be representative of

performance in individual regioras crucial information may be lost through averagidgiosh

et al., 1997). Indeedtrend emerged when participants were characterized thgistppe

andysis approachThosewho learned the linear functi@inowed variationm their learning

style across both extrapolation regioAsconsiderable proportioof learners appeared to favour

a blended approach, particularly a rbkesed approach in the l@xtrapolation region and an

exemplarbased approach in the high extrapolation region. In contrast, a similar effect did not

emerge for participants who learned the bilinear funclitus divergencenay haveeflecied

the tendency individuals have to applypositive linear shape to functional relationships
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compounded by their predisposition to anchor responses t¢Bretumer, 1974Brown &
Lacroix, 2018. In fact, as shown in Figure 6, across all four linear conditions participants
appearedtoconsistétny under esti mate the defined functi ol
approximates zero, anchoring responses to zero would be an acceptable strategy to extrapolate
accuratelyTherefore by usingtheseheuristic, participants were able teduce thempact of
the secondary taskesulting in rulebased extrapolation

This then begs the question tifathe predisposition tanchor responses andsumea
positivelinear functionresulted in rulebased learning processédsen whydid someparticipants
in the linear conditiomxtrapolate followingn exemplatbasedapproactin the high
extrapolation regiohSpeculativelythis may be indicative of the secondary task having the
indentedeffect of inhibiting rulebased learningdowever,because participants find it easier to
learnpositive linear functios this condition may not have led lower accuracyRecent work
by Fischer and Holt (201 &xamining theelationship betweeworking memory capacitgnd
function learning support thisotion Specifically, they conducted a function learning task in
which participants learned either an asymptotic or an exponential furfetidthermore, they
took an index of working memory capacity using two tasks, the digit span backward and letter
numker sequencing taskischer and Holargued thato extrapolate accurately in the asymptotic
condition, participants need only to apply a singmsitivelinearrule. Thereforegxemplar
based abstraction would result in comparable accuracy tbaskd éarning. In contrast, the
exponential function requires complex e extrapolateccuratelyand as suchule-based
learnerswvould outperform their exempldrased counterparts.

As expectediEi s ¢c her an drestlite showedstha{ participants with higher

working memory capacity tended to favour a +bésed approach whereas low working memory
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capacity was related to exemplaased learning-urthermorerule-based learning only afforded
an advantage to parti@ptslearningthe exponentialunctionas it required the application of
more complexulesthan the asymptotifunction As such, distinguishing between rilased
and exemplabased learnengsingaccuracyappears to be more challengiwgen the defined
function is relatively simple.

Notably, recent research has demonstratedotiréitipantclassification using
extrapolation accurgamayunderestimatthe proportion of ruldased learners. Specifically,
Said and Fischer (2019) argued taile accurateextrapolation necessitates rdéarning
inaccurate extrapolation is ne¢cessarilyndicative of exemplatearning. Therefore, using
accuracy to characterize learning approachagresult in a misidentification of ruillearners as
exemplaflearners. © test thisdea theyaskedparticipantdo complete a standard function
learningtask, in which a negative exponential functweas learnedThenf ol | owi ng t he t
completion theyaskedparticipantgo draw the function that best represented the uyidgrl
functional relationshipP a r t i cearpirgm@ppdch was categorizkeobughthe standard
approachusing MAE (McDaniel et al, 2014)and anovel summary approagctvhichidentified
rule-basedearningif the slope from the firshtndeach subsequent extrapolation pevais
monotonically decreasind@he results werthought provoking25.5% of participants were
characterized as rulearners using the standard approatierea$3.5% of participants
characterized as rulearners using theovelapproachThus MAE struggles to adequately
identify parti ci .pAamlebasedédamersmay achijeveddergical@ecuardry
scores as exemphigarners, a more robusteasures requiredln particular, the use of a
participant®angle ofinclination mayhold many benefits over other methodi#ost notably it

incorporates the logic of the summary approach in the context of traditional transfer phases
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typically seen in function learning paradig (Delosh et al., 1997; McDaniel et al., 20%4id &
Fischer, 201P Moreover it allows for individual classification when the defined function is
nortlinear or polynomial.

Therefore, future research should strive to valitlaeslope analysis apprdaby
applying it to ahigh-poweredunction learning paradigntor exampleresearchers could uae
dualparadigmprocedure wherein participant@arning approacts characterize@ botha
functionlearningandcategorization tashkf the slope analysis is a valid method to classify
function learning behaviouthen there should be agreement between preferred learning
approach across both tasks (McDaniel et al., 2014). Alternatively, future research could replicate
the present expemental design but also takelicesof working memoryAs such working
memory capacity should correlate positively vatpreference for rulbased learninggs
assessed by the slope analyBischer & Holt, 2017; McDaniel et al., 2014)

A secondarea fo future research to explore pertainitava secondary task is
integrated into a function learning task. Namely, the present experimental design displayed the
four-letter target an@articipantsonly receivedfeedback after a delay from the integrated
function learning trial. This processviewed as embedding a function learning task into a visual
scanning task. Reversing this structure by embedding the secondary task in the function learning
task might result in a momrominentimpact on rulebased larning. Indeed, Xing and Sun
(2017) attempted just this within the context of category learning to great success. Specifically,
across three experiments, they had participants complete a categorization task, wherein the
classified sinevave gratinggollowing either a ruleébased (RB) or information integration (I1)
structure, with a concurrent secondary visuospatial memory task. The structure to which the

tasks were presented variacross the three experimeritsthe first experiment, the



A Dual-Task Paradigm 55

categorizatiorand secondary tasked occurred sequenti@llying the second experimetite
category learning taskasembedded in the secondary tasich thaparticipantsdegana trial

for the visuospatialaskbutentered a responsad received feedbaeltercompletinga
categorization trialFinally, in the third experiment, the secondary task erabedded in the
category learning tasls suchparticipants sava categorization stimulysompletedhe

secondary taskhen entered their response for the aatiegtion task and received feedback

The results werelear.Participants learning the RB structure performed worse when the
secondary task was embedded into the category learninthtaskwvhen the opposite was done
(Xing & Sun, 2017). This finding higlghts the significant impact the structure of an
experimental design can have on the relationship between working memory and learning.
Therefore, future research should extend a similar manipulation in design to function learning.
For example, an experimieim which afunction learningstimulus is presentedndthen,

participants make an estimation and receive feedback following a delay from completing a
secondary task. Such a manipulation may be key in successfully inhibiting working memory and
thus, limting rulebased learning.

In conclusion, theories across different domains have consistently shown that learning
operates within a dugdrocessing framework consistingari explicit rulebased and implicit
exemplarbased mechanisfishby et al., 1998; Guan & Keele, 1993)Furthermore, the
present thesis reported general trends wherein the addition of a secondary task resulted in a
decrease in the stability of characterized learning approathesefore a dualprocessing
framework remains a viable explanation for variations found in function learning behaviour.
Conducting an adequately powered function learning task would allow researchers to further our

understanding of the mechanisms underlying how humans learn fuhcéati@nships.
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