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Introduction

Studiesof reachplanningand control havefocusedon movementdowardssingletargetswith
theoreticalaccountfocusingon the minimization of variousmovement-related¢ostgfor
reviewsseel, 2+5].However real-worldtasksofteninvolvechoosingargetsrom among
multiple alternativesandthereforenot only involvedecisionsabouthow to movebut also
where to move.Moreover,suchtasksofteninvolveasequencef actionsin which choicesare
madeat eachstep. Although decision-makingelatedto targetselectiorhasbeenextensively
studiedin the contextof eyemovementpreparation[6+9] andin more cognitivetaskssuchas
thetravelingsalespersoproblem[10+13],comparativelyittle work hasbeendoneon reach-
ing, in whichmovement-relatedostsarelikely to playamorecritical role[14,15].A handful
of reachingstudieshaveexaminechow valuesand costsnfluencethe selectiorof targetsn
singlemovementsandfixed sequencesf movementsThiswork hasshownthatwhenpoint-
ing to targetconfigurationsthat havedifferentrewardand penaltyregions peopleareableto
chooseheir averageointing locationto minimize the lossthat accrueghroughthe variability
of pointing [e.g.16], but thatwhenreachingto two consecutiveéargetsn afixedtime period,
peoplefail to investmoretime in the movementto the morevaluabletarget[17,18].In addi-
tion, when harvestinga sequencef targetsby maintaininga hand-controlledcursoron each
targetfor afixed duration, peopldearnto optimizerewardby predictingthe requiredduration
[19]. However to our knowledgeno studyhasinvestigatedhe selectiorof targetsduring a
sequentiafeachtask.

In performingataskinvolving the selectiornof aseriesof targetsgachsuccessivehoice
decisioncouldbemadede novo in orderto maximizerewardsand minimize costsassoci-
atedwith only the nexttargetselectionHowever by ‘lookingaheadandconsideringthe
rewardsandcostsacrosduture potentialtargetsjt maybepossiblgo further optimize
performanceHereweassessesequentiatiecision-makingisingamovementforaging
taskin which participantscouldchoosehe orderin whichtheyharvestedrom asetof
targetsof varyingsize valueandlocationacrosgsheworkspace(Fig 1A), eitherby moving
ahand-heldhandleto atargetandclicking abutton on the handle(handtask)or making
asaccadéo atargetandfixatingit for 150ms (eyetask),with the goalof maximizing
reward.Gazewasunconstrainedn the handtask.Thetrial durationwassuchthat,in both
tasksparticipantscould only harvestaroundhalf of the targets placinga premium on effi-
cientdecision-makingWe examinedour conditions:two in which only the sizeor only
thevalueof targetsvaried,andtwo in whichboth sizeandvaluevariedin eitheracorre-
latedor anti-correlatedmanner(Fig 1B).We evaluategerformanceusingaprobabilistic
model,inspiredby optimal foragingtheory[20,21],that predictstarget-by-targeharvest-
ing probabilitiesbasedn rateof reward,costsassociatewvith targetdistanceandsize,
anddecisionnoise.A keyfeatureof themodelisthatit canincorporateanumberof future
successivbharvestsith temporaldiscounting;i.e.,it can’lookahead'Becausenovingthe
handis morecostly,in time andenergy thanmovingthe eyeswepredictedthattarget
choicein thehandtask,in comparisonto the eyetask,would bemore stronglyinfluenced
by movement-relate@¢ostsandwould takeinto accountagreatemumberof future targets
soasto optimizetheroutethroughthetargets.
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Fig 1. Experimental setup and behavior. A, Schematic of the experimental setup and stimuli configuration.
In the hand task, participants harvested targets by moving a handle and pressing a button instrumented to the
handle to acquire targets. In the eye task, participants harvested targets by fixating a target. B, Target size
and value pairings featured in the 4 experimental conditions. Five of each target type (size-value pairing) was
displayed for a given block and the position of each of the 15 targets was randomized on each trial. C-E,
Representative traces for the Small-High condition for hand movements or eye movements in each of the
three foraging tasks, where grey targets represent those that have been successfully harvested. The numbers
indicate the order of harvests.

https://abi.org/10.1371djurnal.pbi.1005504001

Results
Representative trials

Fig 1C+1Eshowshandor gazepathsfor singletrials performedby different participantsin
eachof thethreeforagingtasksn the 'small-high'condition in which targetsizewasinversely
relatedto targetvalue . Thesdrialsillustrateseveragenerafeaturesf the performancewne
observedn theseasksParticipantsexhibiteda strongtendencyto movebetweeradjacentar-
getsin the handtaskbut alsotendedto makerelativelysmallmovementsn the eyetask.Evenin
the constrainechandtask(Fig 1E,in which thetargetshadto beharvestedn orderof decreas-
ing value) participantsmovedto close-bytargetswherepossibleln the handtask,participants
alsotendedto minimize change$ movementdirection betweersuccessivearvestedargets
whereasin the eyetask,sharperchangedn directionwereoftenobservedOnestrategythat par-
ticipantsemployedo limit changedn handmovementdirectionwasto harvestargetsalonga
roughlycircularroute.In all threetasksparticipantstypicallyharvestednost,if not all, of the
highvaluetargetsin the handtask theyoftenharvestednediumor, lessrequently low value
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targetsn betweerthe high valuetargetsin contrast,n the eyetask therewasastrongerten-
dencyto harvesthe high valuetargetsprior to lowervaluedtargetsThe patternobservedn the
handtasksuggestthat participantswereawarethat theycouldtypicallyobtain 8 or 9targets
andcouldthereforeharvesisomelessvaluablaargetswhile ensuringthat most,if not all, high
valuetargetsvereharvestedHarvestingafewlessvaluablgargetsenroute betweerhigh value
targetoftenallowedparticipantsto avoidlargeamplitudehandmovements.

Target preferences

Fig 2 showshe meannumberof harvestdor eachcondition of the handand eyeforaging
tasks A one-wayANOVA revealedhat, overall the numberof targetsharvestedn thehand
(M =8.4,SE= .16)andeye(M = 8.2,SE= .18)tasksweresimilar (F, 13=.12,p = 0.73),allow-
ing usto reasonablgomparetargetpreferenceacrosgasksin both taskdargetargetswere
preferredwhenonly sizewasvariedandhigh valuetargetsverepreferredwhenevervaluewas
varied(i.e.,in thethreeotherconditions).However,n the small-highcondition, in which
valueandsizetradedoff, the preferencdor high valuetargetsvasweakerin the handtask
thanthe eyetask.To quantifytheseresultsfor eachcondition we carriedout atwo-waymixed
modelANOVA to assesthe effectof targettype (3 leveldfor eachcondition: see~ig 1B)and
task(2 levelseyeor hand)on the numberof harvestsln no condition wasthereamain effect
of task(p > 0.05in all 4 cases)A main effectof targetsizewasfound in the sizecondition (F,
26=48.8,p < 0.001)out therewasno targetby taskinteraction.A main effectof targetvalue
wasobservedn thevalue(F, »s=104.7p < 0.001) small-high(F;, 6= 91.6,0 < 0.001)and
small-low(F;, 26= 280.6p < 0.001)conditions.A targetvalueby taskinteractionwasfound
for thevalue(F;, < 5.5,p < 0.05) small-high(F;, 26 < 91.6,p < 0.001) andsmall-low(F; »6
< 4.6,p < 0.05).In thesethreeconditions,participantsin the eyetaskharvesteanore high
valuetargetghan participantsin the handtask(Fig 2), possiblybecausemallermovement-
relatedcostdan the eyetaskallowedparticipantsto harvestargetsaccordingto their value,
with limited influenceof their sizesand/or distances.

Althoughsizesimilarly influencedhandandgazeargetselectiorin the sizecondition,
whensizewaspairedwith value sizehadasubstantiainfluenceon handtargetselectioncom-
parethe small-highand small-lowconditions)but little influenceon gazeargetselection.
Thus,whereagarticipantsin the eyetasksexhibitedaclearpreferencdor largetargetsvhen
only sizevaried this preferencevaslargelysupersedebly valuewhenvaluealsovaried.

Movement times

For the probabilisticmodel,weestimatedhe time requiredto moveto anygiventargetbased
onits distanceandsize Specificallyfor eachparticipant,we performedseparateegressions
betweerrecordedmovementime (i.e.,time betweerharvestsandtargetdistancefor each
targetsize whereregressions the arm taskwereobtainedafterpooling datafrom thefree
choiceandconstrainedasks Two-waymixed model ANOVAs werecarriedout to assessow
the slopeandinterceptvariedwith taskandtargetsize Therewasno significantdifference
(F1,13=2.3,p = 0.2)betweerthe slopesn theeye(M = 0.9s/m; SE= 0.2s/m) andhand

(M = 1.0s/m; SE= 0.1s/m) tasksHowever theinterceptswereslightlygreater(F; 13=15.8,
p = 0.002)in theeyetask(M = 0.3s;SE= 0.02s)thanthe handtask(M = 0.2s;SE= 0.01s).
Notethatwith the requiredfixation durationin the eyetask,thetime betweersuccessivear-
vestsvassimilarto the handforagingtasksTheslope(F, »s=18.6,p < 0.001)andintercept
(F2, 26=6.0,p = 0.007)alsodependedn targetsize Specificallythe slopeandintercepttended
to decreasandincreaserespectivelyasafunction of targetsize.
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Fig 2. Overall harvesting performance. Average number of harvests per trial for the hand task (left column)
and the eye task (right column) for each condition and target type. The bars show the average number of
harvests computed from participant means, with error bars representing “1 SE, and the lines show individual
participant means. All bars represent targets of a given size shown for a given value (X-axis), with white,
skinny bars representing the smallest target size, light grey, thicker bars representing the medium target size,
and thick, dark grey bars representing the largest target size.

https://cbi.org/10.1371durnal.pbi.10055043002

Model of harvesting choice

We developedisimplemodelof harvestingn which the choiceof the nextharvestarget
coulddependon the distanceto eachpotentialtargetaswell astheir sizeandvalue(which
affectgherewardrate).Wefirst evaluatehe contribution of thesefactorsusingthe 1-look-
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aheadversionof the model,which only considerghe nextor immediateharvestwhenpredict-
ing whichtargetwill beselectedAfter establishingfor boththe handandeyetasksthatthe
full model(with all threeof thesecomponentsprovidedabetteroverallfit thananyof the
reducedmodelswith onecomponentremovedwethenexaminedversionsof the modelwith
1to 5look-aheadstepsThatis the nextharvesicould dependon the weightedcombination

of thesecomponentdor up to the next5 harvestsSuchlook aheadn the modelwould allow
theeyeor handto forgo shortterm gainsfor longertermsgains for examplepy movingto
regionsof theworkspacevheretherearemorerewardingtargetsFinally,weevaluatedhe
performanceof the best-fitN-look-aheadnodelby comparingmodelpredictionsagainst
actualdata.

In all casesghe modelswerefit to eachindividual participantfrom all trialsin all four con-
ditions (i.e.,size yvalue small-high,and small-low)fit together We only consideredipto 8
harvestsn eachtrial becausasthe numberof harvestsncreasedeyond8, the numberof tri-
alsdecreasedharply We did not analyzehefirst harvesbof eachtrial becausan thehand
taskespeciallyparticipantstendedto rapidly launchtheir initial movementin arelatively
fixed direction andchoosébetweerthe oneor two targetdocatedin this direction (e.g. the
centertargetin thefirst row andthetargetto its left). Bylimiting decision-makingn theinitial
movementparticipantscouldinitiate the taskquickly while bringing their hand(or gaze)
towardsthe grid of targetsand givingthemselvetime to selecthe nexttargetor targetsWe
usedmaximumlikelihood (MATLAB fminsearch}o fit the modelto the entire datasebf 200
trials by 8 harvest§max)for eachparticipantseparately.

One-ahead model

Themodelassignedto eachavailabldarget,aprobability that this targetwould bechosen
next.Eachselectiormadeby the modelbeganfrom the mostrecentlyharvestedarget,i and
consideredhe sizesyaluesand positionsof theremainingtargetsj € H, whereH represents
the setof remainingnon-harvestedargets We definedthe distancefrom targeti to targetj as
d;;, thevalueof targetj asv; andthe sizeof targetj ass;. An estimateof thetime requiredto
movefrom targeti to targetj, t;, wasderivedfrom linearregressiongglatingmovementime
to movementdistancethat werecomputedseparateljor eachparticipantandtargetsize.In
our sequentiatargettask,wefound thattherelationshipbetweermovementime anddistance
wascloseto linear.Rateof rewardis known to beakeyfactorin decisionmaking[e.g.22,23]
andtherateof rewardfor selectingargetj wascalculatedss r; = v; / t;;. A purerewardbased
modelwould only considerrateof reward.In this casetargetdistanceandsizecanonly influ-
encechoiceviaeffectson movementduration. However distanceand sizemayalsoinfluence
targetchoicevia othercostsFor exampledistancemaybeassociatedith aphysicaleffort
cost[24] whereadargetsizemaybeassociatewith acostlinked to planningand controlling
more precisemovementg25]. To capturethis possibility the cost,c;;, of choosingtargetj as
thenextharvestwascalculateds:

C=c;=—r;+ wld}.} — Wys; (1)
Thatis, the costdependedn the negativarewardrate,a penaltyassociatewvith distance
andapenaltyfor reachingto smallertargetsThe penaltyassociatedith distancecaptures
possiblanovement-relateénergycosts Weincludedthe exponentgammain thistermto
accommodaté¢he possibilityof anonlinearmappingbetweereffort and distance A power
function wasselectedbecausé cancaptureawiderangeof nonlinearfunctions.We assume
thereis noisein the decisionmakingprocesgor calculationof this cost)sothat potentialhar-
vesttargetghat havesimilar costamaybechoserwith similar probability. Asis commonly
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usedin modelsof decisionmaking,weusedasoftmaxselectiorrule [26] sothatthe probability
of choosingtargetj became:

Yo
e 7
p

J

Theparametel determinedthe combinednoisein perceptuahnddecisionprocessesyith
infinite noiseassumingavalueof B = 0. For verylargevaluesof 8, the probability of choosing
thetargetwith thelowestcostapproacheg. For intermediatevalueghe probabilitiesare
alwaysorderedaccordingto the cost(highestprobability for lowestcost)but allowhighercost
targetso beselecteaccasionally.

To assesthe contribution of rewardrate,targetdistanceandtargetsize wecomparedhe
full one-aheadnodelagainsthethreesubmodelspbtainedby removingeachindividual fac-
tor, usingthe Bayesianformation Criterion (BIC), with alowerBIC indicating a betterfit
[27,28].

TheBayesiarinformation Criterion (BIC) wasusedto comparemodelswith different
numbersof parameters:

(2)

BIC = —21n(L) + kIn(N) (3)

wherelL is thelikelihood of the datagiventhe model,k is the numberof degree®f freedomof
themodelandN isthetotal numberof datapoints. The BIC allowmodelswith differentnum-
bersof parameterso becomparedwith the onewith alowerBIC beingpreferableThediffer-
encein the BIC scaledby 0.5approximateshe log of the Bayedactor,the likelihood thatone
modelis betterthananother(27).A Bayedactorlargerthan 10indicatesstrongevidencen
favorof amodel,andavaluelargerthan 100is consideredecisive(28).

Fig 3A and 3Bshowthe changen BIC score(A BIC) goingfrom the full modelto eachof
thethreesubmodelsfor the handand eyetasksrespectivelyThefull modelprovidedthe best
fit for all 8 participantsin the handtaskandfor 4 of 7 participantsin the eyetask.In the other
3 participantswho performedthe eyetask,the bestmodelincludedrewardrateanddistance
but not targetsize However this modelandthe full modelhadverysimilar BIC scoresn all
participantsin the eyetask(i.e.,A BIC wasverycloseto zero).For all participantsin thehand
task,the modelomitting targetdistancewasthe poorestpredictorof targetchoiceby alarge
margin,andthis modelwasalsothe poorestpredictorin 5 of 7 participantsin the eyetask
(with the modelomitting rewardratebeingthe poorestpredictorin the other 2 participants).
Overall theseresultsindicatethatin boththe handandeyetasksall threeparameter®f the
full modelbi.e.,rewardrate,targetdistanceandtargetsizebinfluencechoicebehavior.

Look ahead model

We nextconsiderecdan extensiorof the modelthat could “lookaheadto takeinto account
potentialfuture harvestsvhenselectinghe nextharvestWhenlooking n harvestahead
(wheren = 1 correspondso themodelalreadydescribed)we considereachpotentialnexthar-
vesttargetj andall possiblesubsequensequencesf n-1 harvestgk, I, m, . . .). For eachharvest
we calculatedhe costof eachharvestwith differentweightings)., appliedto future harvests.
Forexamplewhenlooking» = 5 stepsahead(i.e. j, k, I, m, n) the costof choosing asthe next
harvesis givenby:

C = H(I}}}?gﬂ) (c,.j + A+ Ayl + 256, + /14%”) (4)
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Fig 3. Model performance and look-aheads. A-B, Bayesian Information Criterion (BIC) for each participant
in the hand and eye task used to compare models having different number of parameters, where smaller BIC
scores are preferred. The difference in BIC shows the BIC relative to the full cost model for three different
models in which one component of the cost is removed: no reward rate (dark grey bars), no target size (white
bars), or no distance (medium grey bars). C-D, shows the BIC scores for each participant as a function of
look-ahead for the hand and eye task, with BICs normalized to the mean score for the 1 look-ahead model. E,
histogram showing the number of participants in the hand (black bars) and eye (grey bars) task whose best
fitting model incorporated a given number of look-aheads. F, Average weights computed from participant
means assigned to each look-ahead number in the model for the hand (black line) and eye (grey line) task
taken from the 5 look-ahead model. Error bars represent “1 SE.

https://abi.org/10.1371djurnal.pbi.1005504003
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wherethe minimum is takenoverall quadruplets(k, I, m, n) of potentialharvestedargets
afterthefirst harvestThereforeC; representshe smallestostassociatedith makingthe next
harvestargetj whenconsideringthe next4 targets Againwe usedthe softmaxfunction to
selecthe nextharvestedarget.We modeledook aheadsy, from 1to 5targetyduethe com-
binatorialnatureof the problemit wasnot possiblgo considerook ahead®f 6 or more).For
alook aheadof n, the modelhadn+4 parametersWe alsofit reducedmodelsin which oneof
thethreecomponentsn Eq 1 wassetto zero.

Fig3Cand 3D showBIC scoresasafunction of the numberof look-aheacharvestdor each
participantin the handandeyetasksyespectivelyNote that the curveshavebeenvertically
alignedsothat theystartfrom the samepoint, whichisthe meanBIC score acrosgartici-
pants for the 1-look-aheadnodel.In the handtask,the BIC scoretendedto decreaséndicat-
ing abetterfit) asafunction of look-aheadstepsvhereasin the eyetask,the BIC scoretended
to increasdor the majority of participants.The histogramin Fig 3Eshowshe numberof par-
ticipantsbestfit by modelswith 1to 5look-aheadsn the handtask,the best-fitmodelfor all
participantscontainedatleast3 look-aheadsnd,in 5 of the 8 participantsthe 5-look-ahead
modelprovidedthe bestfit. With the exceptionof oneparticipant,the BIC scoresappearedo
leveloff somewhatsthe numberof look-aheadéncreasedin the eyetaskthe 1-look-ahead
modelprovidedthebestffit in 5 of 7 participantswith the othertwo participants'choicebehav-
ior bestfit by modelsthe 3 and5 look-aheadsDespitethe variationacrosgarticipantswithin
eachtaskgroup,thereis a cleardifferencebetweerthetwo tasksin the numberof look-aheads.
Whereasandtaskall participantsconsidera sequencef forthcomingtargetchoicesvhen
selectinghe nexttargetwhereasin the eyetask,mostparticipantschosetargetson aharvest-
by-harvesbasis.

Whenconsideringthe best-fitmodelsfor eachparticipant,the averaggowerexponenton
thedistanceerm (gammain Eq 1) was0.36(SE= 0.09)for the eyetaskand 1.14(SE= 0.23)
for the handtask.Thus,theinfluenceof targetdistancein determiningtargetchoicewasclose
to linearin the handtaskbut compressivén the eyetask,consistentvith theideathatthe
additionalcostof makinglargereyemovementavaslesshanthe additionalcostof making
largerhandmovements.

In themodel, differentweightsareassignedo the costsassociatewith eachlook-ahead
step.To further assesthe contribution of future harvestdo the choiceof targetin the current
harvestyefit the 5-look-aheadull modelto eachparticipant.Fig 3Fshowshe averageveights
assignedo eachlook-aheadstepin the handand eyetasks(Note thatwenormalizethe weights
for agivenparticipantto sumto one.)For both tasksthelargestweightwasassignedo the
immediatechoiceoption (i.e.,1-look-ahead)with this weightbeinghigherin the eyetaskthan
the handtask,consistentvith thefinding thatthe 1-look-aheadnodelprovidedthe bestfit for
mostparticipantswho performedthe eyetask. Theseeffectavereconfirmedby atwo-waylook-
aheachumberby taskANOVA, which revealedh main effectof look-aheachumber(F, 5,=
130.0p < 0.001)aswellasalook-aheaddy taskinteraction(F,4 5,=4.6,p < 0.05).

To evaluatehe best-fitmodelfor eachparticipant(i.e.,the full modelwith the numberof
look-aheadshat providedthe lowestBIC), wecomparedhe actualtargetselectiongo those
predictedby the model.At eachharvestingstep the modelassigns probability of selectiorto
eachavailabldi.e.,non-harvestedjarget.Theblacktracesn Fig4A and4Bshow,for each
participantin the handandeyetasksrespectivelythe probability that the participantselected
thetargetassignedhe highestprobability of selectiorby the model,asafunction of harvest
number.Overall,participantsselectedhe highestprobability target61 percentof thetime in
thehandtaskand53percentof thetime in the eyetask.Asis evidentfrom thefigure,acrossall
harvestsn both tasksthe probability of selectinghe highestprobability targetwaswellabove
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chancgdashedyreytraces)whichincreasefrom 1/14(0.071)o 1/8 (0.125)rom the second
to theeighthharvest.

Theblacktracesn Fig4Cand4D showthe probability,assignedby the model,to the actual
targetselectedby the participant,andthe greytracesshowthe differencebetweerthe highest
assignegbrobabilityandthe probability assignedo the selectedarget.Although participants
did not alwaysselecthe targetwith the highestassignegbrobability,theygenerallyselected
high probabilitytarget.Overall the averageankingbfrom highesto lowestprobabilitybof
theselectedargetwasl.61in thehandtaskand1.96in the eyetask. Theseresultsare
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indicativeof thefactthat the probabilitiesassignedo the mostprobablefewtargetswvereoften
similar. Note that both the probability of selectinghe highestprobability target(blacktraces
in Fig4A and4B)andthe probabilityassignedo the selectedarget(blacktracesn Fig4Cand
4D) increasedvertheinitial fewharvestsn the handtask,but werequite constantin theeye
task.This observatioris consistenwith the factthat,in the eyetask,theinfluenceof targetdis-
tanceis relativelyweak whichyieldsmoretargetoptionswith similar probabilitiesof
selection.

To asseskow well participantsperformed weestimatedeachparticipant's’ optimal'perfor-
manceusinganoptimal plannerthat couldlook 5 harvestaheadat eachharvestNote that
wecouldnot usean optimal plannerthat consideredall targetsasthis involved15factorial
(~10"12)possibleharvesirders,whichistoo manyto evaluateFor eachharvestchoice the
optimal planneruseghe predictedduration of eachpossiblesequencef remainingharvests
(up to 5) to selecthe bestsequencin termsof maximizingrateof reward(giventhe remain-
ing time). The predictedduration wasdeterminedseparateljor eachparticipantbasecn
that participant'sestimatednovementdurationsasafunction of distanceandtargetsize(see
above) Thistarget-by-targethoicewasrepeatedintil thetrial time elapsedWe computed
the efficiencyof eachparticipant'sperformanceasthe mean,overall trials from all conditions,
of theratio of the actualto 'optimal’ pointsscore For the eyetask the averageatio was0.95
andtheratio rangedfrom 0.85to 0.98acrosghe participants For the handtasktheaverage
ratio was0.91andtheratio rangedfrom 0.84to 0.96acrosghe participants A t-testfailedto
showasignificantdifferencebetweerthetwo taskqt,3=1.63;p = 0.13) We alsocomputed
theratio of the actualnumberof targetharvestedo the numberharvestedy the optimal plan-
ner.Forthe eyetask the averageatio was0.95andtheratio rangedfrom 0.85to 0.99across
the participants For the handtask,the averageatio was0.92andtheratio rangedfrom 0.84to
0.99acrosghe participants As with the pointsratios,at-testedfailedto showa significantdif-
ferencebetweerthetwo tasks(t;3= 1.50;p = 0.16).Thus,in termsof both pointsandtargets
harvestedparticipantsin bothtaskswerehighly efficientand performedalmostaswell asthe
optimal 5-aheadplanner.

Features of selected targets over harvests

To examinehow participantsprioritized targetsof varyingvalueand sizeacrossharveststor
eachparticipantand condition we calculatedhe proportion of targets of agivensizeor value,
thatwereselectedn eachsuccessiviarvestFig 5 showstheseproportions,average@cross
all participantsfor harvest2 through8in both the handandeyetasksThefigure alsoshows
the predictedproportions,averagecrosgarticipants obtainedwith eachparticipant'sbest-
fit model.(Notethatthe datafrom all four conditionsthe predictedtogether.)Qualitatively it
is evidentthatthe modelwasableto capturethe choicebehaviorof the participantsin both
tasksandin all four conditions.

In the eyetaskunder conditionsin whichtargetvaluevaried(i.e.,thevalue small-high,and
small-lowconditions),participantshadastrongtendencyto initially selechigh valuetargets
right from the start(i.e.,from harveshumber2 onwards)andlargelyignoredthe sizeof the
targetsWhenmostor all of the high valuetargetawvereharvestediheythenstronglyfavored
themiddle valuetargetsin contrastunderthe correspondingconditionsin thehandtask,the
influenceof valueon targetselectionvasweakerandvariedconsiderablyacrossonditions.
Thus,althoughhigh valuetargetswverealwayspreferredthis preferencavasweakemwhenthe
high valuetargetsiveresmall(small-highcondition) and strongerwhenthe high valuetargets
werelarge(small-lowcondition). A modestinfluenceof targetsizewasobservedinderthe
sizeconditionin bothtasksgventhoughsizehadlittle influenceon choicebehaviorin theeye
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https://abi.org/10.1371durnal.pbi.1005504005
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taskin the otherconditions.Theseresultsareconsistentwith thefinding that movement
relatedcostsplayamoressignificantrole in shapingchoicebehaviorin the handtaskthanthe
eyetask.Participantdn the handtaskappearedo exploitthefactthattheyhadenoughtime to
harvesmost,if not all, of the high valuetargetswithout havingto harvesthe high valuetargets
first. Presumablytheywerewilling to harvesiowervaluetargetsn orderto reducemovement
relatedcostsln contrastparticipantsin the eyetasktendedto selecthe high valuetargets,
presumabhbecaus¢heycando sowithout incurring largemovementrelatedcosts.

Movement distance

Fig 6 showsfor eachof the conditions,frequencydistributionsof target-to-targetlistancegor
all actualand predictedharvestsn both the handand eyetasksaverage@crosgarticipants.
In both tasks participantsmostoftenharvestedargetshat weredirectly adjacen{up, down,
left, or right) to the previouslyharvestedargetandwerethereforeon averag&60mm away
(correspondingo the modeof the distributions).Participantdessrequentlyharvestecdija-
centbut obliquetargets]ocatedon averag®0mm away andtargetdocated? or, evenlessre-
quently,3 targetsaway Althoughthedistributionsfor the handand eyetaskswveresimilarin
thatadjacentargetswverestronglypreferredagreatemumberof largerdistancesvereseenn
the eyetask(bluetraces}hanthe handtask(red traces).Two independensamplesolmogo-
rov-Smirnovtestsrevealedignificantdifferencegp < 0.05)betweerthe two tasksn thethree
conditionswheretargetvaluevaried(Fig 6), but not in the sizecondition whereonly target
sizevaried(upperleft subplot).Presumablyparticipantsweremorewilling to movegreater
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— Experimental

® 400 === Model

c

8 B Hand task
O M Eye task

0 60 120 180 240 300 0 60 120 180 240 300
Distance (mm) Distance (mm)
600 Small-High 600 Small-Low

0 60 120 180 240 300 0 60 120 180 240 300
Distance (mm) Distance (mm)

Fig 6. Distribution of movement distances. Frequency distributions of target-to-target distances for all
actual (solid line) and predicted (dashed line) harvests in both the hand (red traces) and eye (blue traces)
tasks for each condition averaged across participants. The pronounced peak at 60 mm reflects the separation
distance of adjacent targets and the most common movement.

https://cbi.org/10.1371durnal.pbi.1005504006
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distancesn the eyetask,whenvaluewasmanipulated becausef thelowermovement-related
costsnvolved.However targetsizealonedid not drive participantsto movegreatemmove-
mentdistancesn the eyetask.

Constrained hand task

Weincludedaconstrainechandtask,in which participantswererequiredto harvestargetsn
orderof decreasingalue for two reasonskFirst,comparingperformanceon the constrainedand
unconstrainedor “free"handtasksenablesisto testwhethersometimeselectindowervalue
targetsheforeharvestingall high valuetargetgasin the unconstrainechandtask),improvesper-
formance Secondby focusingon thefirst 5 harvestgi.e.,harvest®f the high valuetargets)n
the constrainedask,we could asseskow effectivelyparticipantsminimize movementpathdis-
tance Fig 7A and 7Bshowthe averagemumberof pointsand harveststespectivelypertrial for
both thefreeandconstrainechandtasksn thethreeconditionsexaminedn the constrained
handtask.(Note thatthe sizecondition wasnot performedsincethe targetsall hadequalvalue.)
On averageparticipantsharvesteall 5 high valuetargetsandoneor two mid-valuetargetsn
the constrainechandtask.A task(2 levelshand,eye)by condition (threelevelsvalue small-
high, small-low)repeatedneasureANOVA showedhat participantsharvesteanorepoints
(F1,7=68.0,p < 0.001)n thefreechoicetaskthanthe constrainedask.A similar ANOVA
showedhat participantsalsoharvestednoretargetyF,; ;=72.4p < 0.001)in thefreechoice
taskthanthe constrainedask.Thesdindingsindicatethat participantsinclination to sometimes
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Fig 7. Performance in the constrained hand task. A-B, Average number of points and harvests, respectively,
per trial across the three conditions examined in the constrained hand task. Error bars represent “1 SE. C, Mean
distributions, averaged across participants, of possible path distances (dashed line) and actual path distances
(solid line) that participants chose. Shaded areas represent “1 SE. D, The bars show the proportion of trials in
which participants selected the shortest possible path (rank 1), the next shortest path (rank 2), and so on up to the
20" shortest path. The grey line shows the total path length as a function of rank.

https://cbi.org/10.1371d¢urnal.pbi.10055043007
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forgohighvaluetargetsin the freetaskledto more optimal performanceTheanalysislso
uncoveredataskby condition interactionfor both the numberof harvestegboints(F;, 14=43.3,
p < 0.001)andtargetyF, 14=6.2,p = 0.012) Asshownin Fig 7A and 7B,for both variablesthe
largestiscrepancyetweertaskds seerin the small-highcondition, wherehigh valuetargets
weresmall.In the constrainedask fewertargetavereharvestedvhenparticipantswere
requiredto harvesthe smalltargetdirst. This couldreflecta speed-accuradyade-off,more
challengingrvisualsearchor both. However evenwhenthe high valuetargetsverelarge the
numberof targetsharvestedn the constrainedaskwaslesshanin thefreechoicetask.

To assesBow effectivelyparticipantsminimized handpathdistancewe computed for
eachtrial in the constrainedask,the distancebetweersuccessiveargetsor all 120possible
harvesbrdersof thefirst five targets Fig 7C showsthe distribution of possiblepathdis-
tanceqdashedine) togetherwith thedistribution of actualpathdistanceghat participants
choselt is evidentthat participantsselectedarvestpathsfrom the lowerendof the distri-
bution of all possiblgpaths.The histogramin Fig 7D showsthe proportion of trialsin which
participantsselectedhe shortesipossiblepath (rank 1), the nextshortestpath (rank 2), and
soon up to the 20" shortesipath.(Thegraysolid line showsthe averageotal distanceof
therankedpaths.)Participantschosethe shortesipathon closeto 40%of trials andselected
oneof the5 shortesipathson approximately75%of trials. Thesedatashowthat participants
wereefficientatrapidly harvestingasequencef targetsheresultedin arelativelyshort
cumulativedistance.

Discussion

We examinedsequentiatiecision-makingvithin the contextof arapid motor foragingtask.
Participantshadalimited time to harvestargetsof varyingvalue position,andsizeeitherby
movingthe handto thetargetqdhandtask)or fixatingthetargetyeyetask).Wefit aprobabilis-
tic “lookaheadmodelin whichtargetchoicedependedn acostfunction thatincludedrate
of reward targetdistanceandtargetsizeof up to the next5 targetswith differentweights
allowedfor the costof eachfuture target.We found thatin the handtask,in comparisorto the
eyetask,targetchoicewasmore stronglyinfluencedby targetdistanceandsize althoughtarget
sizedid influencetargetchoicein the eyetaskwhentargetvaluewasconstantln addition, par-
ticipantsin the handtasktook into accountagreatemumberof future targetswith mostpar-
ticipantsconsideringat leasts future targetscomparedo the eyetask,with mostparticipants
only consideringthe nexttarget.In aversionof the handtaskdesignedo examineroute-find-
ing efficiency wefound that participantswerecapablef selectingefficientroutesthroughthe
targetsghatreducedotal distanceravelled Theseesultssuggesthat participantstakeinto
accountthe motor costsassociatewvith differenteffectorssoasto beefficientin foragingwith
boththe eyeandhand.

Studiesexaminingthe control of reachingmovementsavetypicallyfocusedbn move-
mentsto asingletarget,and contemporarymodelsof reachingoehaviothaveemphasizethe
trade-offbetweeraccuracyandeffort[1+3,5,24]A numberof studieshaverecentlyexamined
theinterplaybetweermotor control andthe decisionsaboutwhereandwhento reachduring
singlemovementsFor exampleijt is hasbeenshownthat peoplefactorinto accounttheir spa-
tial movementvariability to optimize performancevhenreachingtowardstargetconfigura-
tionswith differentrewardand penaltyregions[29+31]andsimilar optimizationhasbeen
shownfor temporalvariability[19,32,33]Recentvork hasinvestigatedlecision-makingpro-
cesseassociatedith selectinga singletargetfrom amongmultiple potentialtargetd15,for
reviewssee34+37].To capturechoicebehaviorin suchtasksadditionalfactorsneedto be
consideredincluding targetvalueandbiomechanicatosts.
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However,in manyrealworld taskspeoplemustmakea serieof choiceseachinvolvemul-
tiple potentialtargetsin this situation,capturedby the taskwe examinedpotentialcostsasso-
ciatedwith planningaheadheedto beconsideredin our task,wefound thattargetvalueand
distancanfluencedchoicebehaviorin boththe handandeyetaskswith therelativeinfluence
of distancebeingstrongerfor the hand.Targetdistancds clearlyrelatedto biomechanical
costsespeciallyn the handtask,but mayalsobelinked to temporalcostsassociatedvith tar-
getsearchandselectionAlthoughtargetsizedid not stronglyaffectmovementime in either
task,it neverthelesmfluencedchoicein the handtask.Recentlyjt hasbeensuggestethat
participantscanimprovetheir accuracywithout incurring additionaltime by increasinghe
levelof control [25]. In otherwordsthetrade-offbetweerspeedandaccuracycanbealtered
throughthe costof control. We suggesthat participantsipreferencdor largertargetsn the
handtaskmaypartiallyreflectthe greatercostof control involvedin attainingsmalltargets.
Thetrade-offbetweenvalueand biomechanicatostsin the handtaskagreesvith recentwork
by Cosandcolleaguef38+40]showingthat peoplecanrapidly predictbiomechanicatosts
associatetvith competingreachingactions[seealso41,42].

Our probabilisticmodelsuggestthat participantsin the handtasktook into accounta
greatemumberof future harvestsn comparisorto participantsin the eyetask.Such’looking
aheadin the handtaskpresumablyenabledarticipantsto tradeoff more effectivelybio-
mechanicahndtime costswith the valueof the targetsharvestedThe ability to look aheachas
beenshownfor ataskin which participantsreachedhrough a seriesof fixed via-pointswhich
hadto bevisitedin aprescribedrder[43]. Our resultsalsoshowthat, in both the handand
eyetasksparticipantsplacedthe mostweighton the currenttargetoption with eachsubse-
guenttargetoption havingprogressiveljessweightin the decision.Thisfinding canbelinked
to the phenomenorof “temporaldiscounting'of rewardwhich hasbeenshownto influence
thekinematicsof singlesaccadieyemovementswith morerewardingtargetdeadingto faster
movementg44+48].0ur studyshowsthat suchtemporaldiscountingactsacrossasequence
of future movementsf both the eyeandhand.

To our knowledgepur studyis thefirst to quantitativelyassessow costsandrewardsasso-
ciatedwith future targetsnfluencecurrenttargetchoiceduring sequentiatargetacquisition
with either the handor the eye.Thus,theresultspertainingto eachtask,in isolation,arein
themselvesovel A priori, it wasnot obviousthatin the eyetaskparticipantswould only con-
siderthe nexttargetwhenselectingargetsBy “lookingahead(i.e.,consideringmultiple future
targetsyiewedin peripheralvision,whilefixating the currenttargetin orderto harvesit), par-
ticipantscould havereducedpn averagethe amplitudeandthereforeduration of eacheye
movementlt is alsopossiblghattheycouldhavereducedthe averagelistancebetweerthe
remainingtargetsandthe currentfixation point, which mayhavefacilitatedsearchOn the
otherhand,it strikesusasimpressivehat,in the handtask,participantsconsideranumberof
future targetsgiventhe speededatureof thetask.Thatis, giventhe shortharvestingvindow,
it wasnot obvious apriori, that participantswould investresource# looking ahead.

In termsof the comparisonbetweerthe eyeand handtasksweacknowledgéhatthereare
severallifferencedbetweerthe tasksheyondthe effectorinvolved.Whereagargetsizedirectly
determinedthe requiredaccuracyf handmovementsthis wasnot the casdor eyemove-
ments.Giventhat the functionalfoveais approximatel\8E[49], it wassimply not possibleo
implementsimilar accuracyconstraintsn thetwo tasks We did not recordeyemovements
in the handtaskbecaus# wasdifficult to obtainaccuraterecordingswhile participantgener-
atedveryvigorousarm movementsHowever basen previouswork (aswellasour observa-
tions), wecanbequite certainthat participantslaunchedeyeandhandmovementgowards
eachtargetin synchronyand maintainedfixation at the targetuntil the handcursorarrived
andthebutton wasclicked[49+55].Thus,the overallpatternof eyemovementsn the two
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taskswould havebeensimilar. In bothtasksgazeshiftsfrom oneharvestedargetto the next
andinformation abouttargetsemainingto be harvesteds providedby peripheralvision. Of
coursethefunction of gazdiffersbetweerthe two tasks Whereavisualfeedbacks presum-
ablyusedto helpkeepgazeon targetin both tasksjn the handtaskretinaland extraretinalsig-
nalsarealsousedto guidethe hand.Giventhe additionalfunctionsplayedby gazen thehand
task,it seemaunlikely that gazedemandsaccountfor the reducedook-aheacbehaviour
observedn the eyetask.Howeverwewould emphasizé¢hat our goalwasnot to perfectly
equatethetwo taskswhich arenecessarilgomewhatifferent. Ratherwewantedto keep
eachtaskasnaturalaspossiblewithin the overalltiming constraintssothatwe couldbroadly
comparethe behavioursWe believethatthe striking differencebetweerthetwo tasksjn
termsof look aheadehaviourjs likely quite robustand doesnot dependon subtledetailsof
thetwo tasks.

Activity in sensorimotorareaf the brain hasbeenshownto encodemultiple potential
reachtargetsprior to decidingbetweenandthenreachingtowards,oneof theseargetd56].
Oneinterpretationof this activityis that it reflectscompetingmovementplanspreparedor
multiple potentialtargetyCisekand Kalaska2010)anideaconsistenivith recentbehavioral
studiesshowingspatialaveragingvhenreachingtowardsmultiple potentialreachtargetd57+
62]. Theformation of multiple motor plansmaybean effectivewayof evaluatinghe costs
associatewvith thesealternativeg40]. In the currenttask,it is anopenquestionwhetherpar-
ticipantsmaypreparecompetingimmediatemotor plans(i.e.,from the currenttargetto differ-
entpotentialtargets) aswell asplansfor future actions.

Althoughnumerousstudieshaveexaminechow rewardsand costsassociatewvith individ-
ualtargetsareneurallyrepresented63+65],our resultsindicatethat the brain mustalsore-
presentandevaluatealternativeroutesinvolving multiple targetspotentiallyin parallel A
numberof studieshaveidentified brain regionsthat mayplayarole representingand planning
suchroutes.Recenwork on navigationaplanningin anopenareahasshownthat, prior to
goal-directechavigation therat hippocampugeneratesequencesf neuraleventsencoding
spatialtrajectoriesrom the currentlocationto the known goallocation[66]. Theseevents
maysupportagoal-directedirajectory-findingmechanisnthatidentifiesimportant places
andrelevantbehaviourapathsand canbeusedto control future navigationabehaviour.
This,or asimilar, mechanisnmaysupportthe optimizationof sequentiateachingmovements
to objectdsreachablespaceln behaviourabktudiesyoute optimizationhasbeenstudied
usingversionf thetravellingsalespersoproblemin which participantsattemptto select
the shortespathwhenconnectinga setof fixed targetq67]. Thiswork, which hasfocused
on the heuristicsusedto solvethe problem,hasshownthat, whengivenampletime, humans
arecapableof verygoodperformancdevelspftenwith nearoptimal solutions[10+13].0ur
resultsindicatethat evenunder speededonditions,participantsareableto performextremely
well.

Althoughthereareobviouslymanydifferencebetweematuralforagingandthereaching
taskweexaminedforagingtheory[20,21]canneverthelesprovideaframeworkfor studying
movementdecisiondn the contextof competingcostsandrewardgseet8]. In generalakey
componentof naturalforaginginvolvesdecidingwhetherto engagevith optionsastheyare
sequentiallyencounteredFor examplework on patchforagingexaminesvhetherto remain
in the currentpatch(i.e.to exploit) or switchto anewpatch(i.e.to explore)which canincur a
costof time or effort[69,70].In the mostgenerakettingthereis both uncertaintyasto the
valueof the current patch,which canvarywith time asresourcesredepletedandthe valueof
otherpatcheghat couldbevisited.In suchgenerakettingst hasbeensuggestethat distinct
neuralprocesseappeato beengagedn choiceswithin apatchandchoicego moveto forage
anewpatch[68,70],revealingaspect®f the exploration-exploitatiortrade-off[71,72].In our
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task,the main pressurés time within apatchandthe assessmerf targetvalue sizeanddis-
tancemustoccurrapidly leadingto someuncertainty.Thereforeour taskexamineghe effi-
ciencyof foragingwithin apatchto extractvaluableesourcesndthe potentialtrade-off
betweerlooking far aheadwhich canincur atime cost)and myopicdecisionghat canbe
fasterbut lessefficient.

Methods
Participants

Eightwomenandsevemmenbetweer?0and 28yearsof ageparticipatedin the presentstudy
afterproviding written, informed consentAll participantsself-reportechavingnormal or
corrected-to-normavision, beingright handed,andbeingfreeof sensorimotodysfunction.
Participantsvererandomlyassignedo oneof two groupsthe handforaginggroup(n = 8) or
theeyeforaginggroup (n = 7). Theexperimentaprotocolswereapprovedoy the General
ResearclEthicsBoardat Queen'dJniversityin compliancewith the CanadianTri-Council
Policyon EthicalConductfor Researcknvolving humans Eachexperimentakessiodasted
approximatelyonehour. Participantseceivedb10in compensatiorandanadditionalmone-
tary sumbasedn thetotal pointsharvestedluring the experiment Specificallya5¢ bonus
wasprovidedfor every250pointsharvestedresultingin anadditionalpayoffof betweer4
and$5.

Apparatus and stimuli

Seategbarticipantsviewedl5circulartargetdocatedin 3 rowsby 5 columns(seeexamplesn
Fig1).To specifythelocationsof thetargetson eachtrial, webegarnwith a3 x 5 grid with
equalspacingof 6 cmin both dimensionsproviding 15initial grid locations A setof 15target
locationswasgeneratedrom thesel5grid locationsby addingrandomverticalandhorizontal
offsetgo eachgrid location,independentlydrawnfrom auniform distribution over+ 11 mm.
Thus,the positionsof thetargetsrelativeto the grid locations changedrom trial to trial. Tar-
getsin the displaycouldbeoneof threesizesb58,or 11 mm in radiusbandhaveoneof
threepoint valuesb1012,0r 15points(Fig 1B).Participantsalsovieweda circular startposi-
tion, 5mm in diameterocated6 cm closerto their bodythanthefirst row of targetsand at
the participant'smidline. All stimuli werepresentedisingavisualdisplaysystemgconsisting
of aCRT projector(Electrochrome@500Ultra) with arefreshrateof 120Hz andahorizontal
mirror throughwhich participantsviewedtheimageson ahorizontalsurfaceNotethat partic-
ipantscould not seetheir handor arm.

In thehandforagingtask,participantsselectedargetsby movingacircularcursor(5 mm
in diameter)linked to the position of ahandle graspedvith the right hand,to eachtarget.A
successfllarvesibccurredwhenparticipantspressea button fitted to the sideof the handle
with their indexfingerwhenthe cursoroverlappedvith anyportion of thetarget.Thehandle,
whichwasattachedo alightweightmanipulandum(Phantom3.0,Sensabl&echnologies,
CambridgeMA), couldfreelyrotateaboutits verticalaxisandwasmountedon anair sled
allowingparticipantsto movethe handleby sliding overahorizontalsurfaceOpticalencoders
in themanipulandummeasuredhe handlepositionat 1000Hz andthe stateof the button was
alsorecordedat 1000Hz.

In the eyeforagingtask,participantsselectedargetsby fixating their gazeon thetargets.
An infraredvideo-base@ye-tracke(ETL 500pupil/cornealtrackingsystem|SCAN,Burling-
ton, MA, USA)wasusedto recordgazeposition of the left eyein the planeof thetargetdisplay
at240Hz. A bite barwasusedto helpstabilizethe head Gazepositionwascalibratedto the
planeof thetargetdisplay[for details see54] atthe beginningof the experimentand
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recalibratedf drift in therecordedgazesignaloccurred.The spatialresolutionof gazen the
horizontalplaneof the handwas0.36&isualangle correspondingo ~3 mm whengazewvas
directedto the centerof thetargetsin practice gazevasrecalibratecapproximatelyonceper
participant,typicallyataround75%of the duration of the experimentThe gazesignalwas
smoothedpn-line,usingarunning averagdilter computedoverthelast50samplegover-
sampledat 1000Hz), which introduceda smalltime delayof 24.5ms.In performingthe gaze
foragingtask,participantsalmostalwaydixatedoneof thetargetsThatis, participantsshifted
their gazedirectlyfrom onetargetto the next. To determinewhich targetwasfixated,wesim-
ply took the closestargetto the gazeposition. A successfuithrgetselectionwasachievedvhen
gazewasatagiventargetfor 150ms.Fixationslesghan 150mswererarelyobservedasmight
beexpectedf participants(1) madecorrectivesaccadeafterfixating atargettheydid not
wantto harvesbor (2) briefly fixatedtargetsto explorethe sceneWith therequiredfixation
duration,the time betweersuccessiviarvestsvassimilar to the handforagingtasks Note
thatgiventhatthe sizeof the functionalfoveawhichis about3E[49] or ~2.5cmin thetarget
planein our task,it would not havebeenappropriateto requireparticipantsto alignthe
recordedgazepositioninsidethetargetdn orderto harvesthem.Notethatwedid not record
eyemovementsn the handtaskbecausgarticipantstendedto makerapid andvigorousarm
movementsn this taskwhich makeobtainingstablegazerecordingddifficult.

Procedure

Foragiventrial, participantswereinstructedto harvestasmanypointsaspossiblgwhich
translatedo amonetarybonus).At the startof eachtrial, the participanthadto positionthe
cursor,or fixate,the startpositionfor arandomtime period of betweer0.3and2.3s.Thetar-
getdisplaythenappearedandthe participantthenhadafixed duration of 3.25sto harvestar-
gets.Thisdurationwaschosersothat on averageubjectcouldaveragabouthalfthetargets
on anygiventrial. At the momentatargetwassuccessfulliparvestedthetargetturned grey
andabrieftone (1000Hz) wassoundedor 50ms.At the endof eachtrial, thetotal numberof
harvestegointswaspresentedn thetargetdisplay.Participantscompletedonepractice
blockof trials, consistingof a setof targetshat wereall of mediumsize(8 mm radius)and
value(12 points).Participantghencompletedour experimentablocksof 50trials,in coun-
terbalancearder,with a3£5minute restbetweerblocks.

Thefour experimentablocksdifferedin howtargetsizeandvaluewerecombined(see-ig
1B).In the sizecondition, only targetsizewasvaried,with 5 targetsof eachsize while target
value(12points)washeldconstantin thevaluecondition, only targetvaluewasvaried,with 5
targetsof eachvalue while targetsize(8 mm) washeld constantFor this condition, the low,
medium,andhigh valuetargetaverecoloredblue,greenandorangeyespectivelyin all other
conditions,all of thetargetswereblue).In the small-highcondition, thetargetsizewasnega-
tively correlatedwith targetvaluewith the smallestargetsbeingthe mostvaluablePartici-
pantswerepresentedvith 5 smalltargetsof high value 5 medium-sizedargetsof medium
value and5 largetargetsof low value.Lastly,in the small-lowcondition, targetsizewasposi-
tively correlatedwith valuewith thelargertargetsbeingthe mostvaluableParticipantavere
presentedvith 5 smalltargetsof low value 5 medium-sizedargetsof mediumvalue,and5
largetargetsof high value Beforeeachblock, participantswereexplicitly told the size-value
pairing of the upcomingblock. Theseblockswerecompletedn boththe handandeyeforag-
ing tasks.

Participantsn the handforaginggroupperformedan additionalconstrainechandforaging
taskin whichtheywererequiredto harvestargetsn orderof decreasingalue.Thatis, partic-
ipantswererequiredto harvestall of the high valuetargetdirst, followedby the mediumvalue
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targetsandthenthelow valuetargetsParticipantscould not harvestatargetout of order;if a
participantattemptedo harvesttargetout of sequenceno tonewassoundedandthetarget
did not changeo gray.In this task,participantstypicallyharvestedetweert and 7 targets
andthereforewe could assestheir route-selectiorefficiencyby comparingthe actualroute
theyselectedhroughthefirst 5 (high value)targetgo all possibleb-targetroutes(n = 120).In
thistask,participantsperformedthreeblocksof 50trials, counterbalancedcrosarticipants,
correspondingo thevalue small-high,and small-lowconditionsdescribedabove.

Analyses

For eachharvestwedeterminedthe duration from the previousharvest(i.e.,duration between
successivsuccessfubutton pressesaswell asthe distancerom the previousharvestdefined
asthe distancebetweersuccessiviargetcentersin the handforagingtask,participantsocca-
sionallymissedhetargetby pressinghe button while the cursorwasslightly off the target.
Participantson averagenissedhetargeton 7%(SE= 0.01%)f harvestattemptsin thefree
taskand8%(SE= 0.01%)n the constrainedask.In the eyetask,harvestsvereregistered
whengazewasclosesto agiventargetfor 150msand participantsdid not pressabutton.
Thus,missesakin to thosein the handtaskdid not occur.An alphalevelof 0.05wasusedfor
statisticatestsanda Bonferronicorrectionwasusedfor posthoctests.
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