


decision-makingin sequentialactions,our resultsandmodelrepresentasignificant
advanceoverpreviouswork thathasfocusedprimarily on decisionsaboutsingleactions.

Introduction

Studiesof reachplanningandcontrol havefocusedon movementstowardssingletargets,with
theoreticalaccountsfocusingon theminimization of variousmovement-relatedcosts[for
reviews,see1,2±5].However,real-worldtasksofteninvolvechoosingtargetsfrom among
multiple alternatives,andthereforenot only involvedecisionsabouthow to movebut also
where to move.Moreover,suchtasksofteninvolveasequenceof actionsin whichchoicesare
madeateachstep.Althoughdecision-makingrelatedto targetselectionhasbeenextensively
studiedin thecontextof eyemovementpreparation[6±9]andin morecognitivetaskssuchas
thetravelingsalespersonproblem[10±13],comparativelylittle work hasbeendoneon reach-
ing, in whichmovement-relatedcostsarelikely to playamorecritical role [14,15].A handful
of reachingstudieshaveexaminedhowvaluesandcostsinfluencetheselectionof targetsin
singlemovementsandfixedsequencesof movements.Thiswork hasshownthatwhenpoint-
ing to targetconfigurationsthathavedifferentrewardandpenaltyregions,peopleareableto
choosetheir averagepointing locationto minimize thelossthataccruesthroughthevariability
of pointing [e.g.16],but thatwhenreachingto two consecutivetargetsin afixedtime period,
peoplefail to investmoretime in themovementto themorevaluabletarget[17,18].In addi-
tion, when`harvesting'asequenceof targetsbymaintainingahand-controlledcursoron each
targetfor afixedduration,peoplelearnto optimizerewardbypredictingtherequiredduration
[19]. However,to our knowledgeno studyhasinvestigatedtheselectionof targetsduring a
sequentialreachtask.

In performingataskinvolving theselectionof aseriesof targets,eachsuccessivechoice
decisioncouldbemadede novo in order to maximizerewardsandminimize costsassoci-
atedwith only thenexttargetselection.However,by `lookingahead'andconsideringthe
rewardsandcostsacrossfuture potentialtargets,it maybepossibleto further optimize
performance.Hereweassessedsequentialdecision-makingusingamovementforaging
taskin whichparticipantscouldchoosetheorder in which theyharvestedfrom asetof
targetsof varyingsize,valueandlocationacrosstheworkspace(Fig1A), eitherby moving
ahand-heldhandleto a targetandclickingabutton on thehandle(handtask)or making
asaccadeto atargetandfixating it for 150ms(eyetask),with thegoalof maximizing
reward.Gazewasunconstrainedin thehandtask.Thetrial durationwassuchthat, in both
tasks,participantscouldonly harvestaroundhalf of thetargets,placingapremiumon effi-
cientdecision-making.Weexaminedfour conditions:two in whichonly thesizeor only
thevalueof targetsvaried,andtwo in whichboth sizeandvaluevariedin eitheracorre-
latedor anti-correlatedmanner(Fig1B).Weevaluatedperformanceusingaprobabilistic
model,inspiredby optimal foragingtheory[20,21],that predictstarget-by-targetharvest-
ing probabilitiesbasedon rateof reward,costsassociatedwith targetdistanceandsize,
anddecisionnoise.A keyfeatureof themodelis that it canincorporateanumberof future
successiveharvestswith temporaldiscounting;i.e.,it can`lookahead'.Becausemovingthe
handis morecostly,in time andenergy,thanmovingtheeyes,wepredictedthat target
choicein thehandtask,in comparisonto theeyetask,wouldbemorestronglyinfluenced
by movement-relatedcostsandwould takeinto accountagreaternumberof future targets
soasto optimizetheroutethroughthetargets.
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Results

Representative trials

Fig1C±1Eshowshandor gazepathsfor singletrialsperformedbydifferentparticipantsin
eachof thethreeforagingtasksin the`small-high'condition in whichtargetsizewasinversely
relatedto targetvalue.Thesetrials illustrateseveralgeneralfeaturesof theperformancewe
observedin thesetasks.Participantsexhibitedastrongtendencyto movebetweenadjacenttar-
getsin thehandtaskbut alsotendedto makerelativelysmallmovementsin theeyetask.Evenin
theconstrainedhandtask(Fig1E,in whichthetargetshadto beharvestedin orderof decreas-
ing value),participantsmovedto close-bytargetswherepossible.In thehandtask,participants
alsotendedto minimizechangesin movementdirectionbetweensuccessiveharvestedtargets
whereas,in theeyetask,sharperchangesin directionwereoftenobserved.Onestrategythatpar-
ticipantsemployedto limit changesin handmovementdirectionwasto harvesttargetsalonga
roughlycircularroute.In all threetasks,participantstypicallyharvestedmost,if not all,of the
highvaluetargets.In thehandtask,theyoftenharvestedmediumor, lessfrequently,low value

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://doi.org/10.1371/journal.pcbi.1005504.g001
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targetsin betweenthehighvaluetargets.In contrast,in theeyetask,therewasastrongerten-
dencyto harvestthehighvaluetargetsprior to lowervaluedtargets.Thepatternobservedin the
handtasksuggeststhatparticipantswereawarethat theycouldtypicallyobtain8or 9 targets
andcouldthereforeharvestsomelessvaluabletargetswhileensuringthatmost,if not all,high
valuetargetswereharvested.Harvestingafewlessvaluabletargetsenroutebetweenhighvalue
targetsoftenallowedparticipantsto avoidlargeamplitudehandmovements.

Target preferences

Fig2 showsthemeannumberof harvestsfor eachcondition of thehandandeyeforaging
tasks.A one-wayANOVA revealedthat,overall,thenumberof targetsharvestedin thehand
(M = 8.4,SE= .16)andeye(M = 8.2,SE= .18)tasksweresimilar (F1, 13= .12,p = 0.73),allow-
ing usto reasonablycomparetargetpreferencesacrosstasks.In both taskslargetargetswere
preferredwhenonly sizewasvariedandhighvaluetargetswerepreferredwhenevervaluewas
varied(i.e.,in thethreeotherconditions).However,in thesmall-highcondition, in which
valueandsizetradedoff, thepreferencefor highvaluetargetswasweakerin thehandtask
thantheeyetask.To quantifytheseresults,for eachcondition wecarriedout atwo-waymixed
modelANOVA to assesstheeffectsof targettype(3 levelsfor eachcondition:seeFig1B)and
task(2 levels:eyeor hand)on thenumberof harvests.In no condition wasthereamaineffect
of task(p> 0.05in all 4 cases).A maineffectof targetsizewasfound in thesizecondition (F2,

26= 48.8,p< 0.001)but therewasno targetby taskinteraction.A maineffectof targetvalue
wasobservedin thevalue(F2, 26= 104.7,p< 0.001),small-high(F2, 26= 91.6,p< 0.001),and
small-low(F2, 26= 280.6,p< 0.001)conditions.A targetvalueby taskinteractionwasfound
for thevalue(F2, 26< 5.5,p< 0.05),small-high(F2, 26< 91.6,p< 0.001),andsmall-low(F2, 26

< 4.6,p< 0.05).In thesethreeconditions,participantsin theeyetaskharvestedmorehigh
valuetargetsthanparticipantsin thehandtask(Fig2),possiblybecausesmallermovement-
relatedcostsin theeyetaskallowedparticipantsto harvesttargetsaccordingto their value,
with limited influenceof their sizesand/ordistances.

Althoughsizesimilarly influencedhandandgazetargetselectionin thesizecondition,
whensizewaspairedwith value,sizehadasubstantialinfluenceon handtargetselection(com-
parethesmall-highandsmall-lowconditions)but little influenceon gazetargetselection.
Thus,whereasparticipantsin theeyetasksexhibitedaclearpreferencefor largetargetswhen
only sizevaried,thispreferencewaslargelysupersededbyvaluewhenvaluealsovaried.

Movement times

For theprobabilisticmodel,weestimatedthetime requiredto moveto anygiventargetbased
on its distanceandsize.Specifically,for eachparticipant,weperformedseparateregressions
betweenrecordedmovementtime (i.e.,time betweenharvests)andtargetdistancefor each
targetsize,whereregressionsin thearmtaskwereobtainedafterpoolingdatafrom thefree
choiceandconstrainedtasks.Two-waymixedmodelANOVAs werecarriedout to assesshow
theslopeandinterceptvariedwith taskandtargetsize.Therewasno significantdifference
(F1, 13= 2.3,p = 0.2)betweentheslopesin theeye(M = 0.9s/m;SE= 0.2s/m)andhand
(M = 1.0s/m;SE= 0.1s/m) tasks.However,theinterceptswereslightlygreater(F1, 13= 15.8,
p = 0.002)in theeyetask(M = 0.3s;SE= 0.02s)thanthehandtask(M = 0.2s;SE= 0.01s).
Notethatwith therequiredfixation duration in theeyetask,thetime betweensuccessivehar-
vestswassimilar to thehandforagingtasks.Theslope(F2, 26= 18.6,p< 0.001)andintercept
(F2, 26= 6.0,p = 0.007)alsodependedon targetsize.Specifically,theslopeandintercepttended
to decreaseandincrease,respectively,asafunction of targetsize.
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Model of harvesting choice

Wedevelopedasimplemodelof harvestingin whichthechoiceof thenextharvesttarget
coulddependon thedistanceto eachpotentialtargetaswellastheir sizeandvalue(which
affectstherewardrate).Wefirst evaluatethecontribution of thesefactorsusingthe1-look-

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://doi.org/10.1371/journal.pcbi.1005504.g002
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aheadversionof themodel,whichonly considersthenextor immediateharvestwhenpredict-
ing whichtargetwill beselected.After establishing,for both thehandandeyetasks,that the
full model(with all threeof thesecomponents)providedabetteroverallfit thananyof the
reducedmodelswith onecomponentremoved,wethenexaminedversionsof themodelwith
1 to 5 look-aheadsteps.That is thenextharvestcoulddependon theweightedcombination
of thesecomponentsfor up to thenext5harvests.Suchlook aheadin themodelwouldallow
theeyeor handto forgoshortterm gainsfor longertermsgains,for example,bymovingto
regionsof theworkspacewheretherearemorerewardingtargets.Finally,weevaluatedthe
performanceof thebest-fitN-look-aheadmodelbycomparingmodelpredictionsagainst
actualdata.

In all cases,themodelswerefit to eachindividual participantfrom all trials in all four con-
ditions (i.e.,size,value,small-high,andsmall-low)fit together.Weonly consideredup to 8
harvestsin eachtrial becauseasthenumberof harvestsincreasedbeyond8,thenumberof tri-
alsdecreasedsharply.Wedid not analyzethefirst harvestof eachtrial because,in thehand
taskespecially,participantstendedto rapidly launchtheir initial movementin arelatively
fixeddirectionandchoosebetweentheoneor two targetslocatedin thisdirection(e.g.,the
centertargetin thefirst row andthetargetto its left).Bylimiting decision-makingin theinitial
movement,participantscouldinitiate thetaskquicklywhilebringing their hand(or gaze)
towardsthegrid of targetsandgivingthemselvestime to selectthenexttargetor targets.We
usedmaximumlikelihood(MATLAB fminsearch)to fit themodelto theentiredatasetof 200
trialsby8 harvests(max)for eachparticipantseparately.

One-ahead model

Themodelassigned,to eachavailabletarget,aprobabilitythat this targetwouldbechosen
next.Eachselectionmadeby themodelbeganfrom themostrecentlyharvestedtarget,i and
consideredthesizes,valuesandpositionsof theremainingtargets,j 2 H, whereH represents
thesetof remainingnon-harvestedtargets.Wedefinedthedistancefrom targeti to targetj as
dij, thevalueof targetj asvj andthesizeof targetj assj. An estimateof thetime requiredto
movefrom targeti to targetj, tij, wasderivedfrom linearregressions,relatingmovementtime
to movementdistance,thatwerecomputedseparatelyfor eachparticipantandtargetsize.In
our sequentialtargettask,wefoundthat therelationshipbetweenmovementtime anddistance
wascloseto linear.Rateof rewardisknown to beakeyfactorin decisionmaking[e.g.22,23]
andtherateof rewardfor selectingtargetj wascalculatedas rij = vj / tij. A purerewardbased
modelwouldonly considerrateof reward.In thiscase,targetdistanceandsizecanonly influ-
encechoiceviaeffectson movementduration.However,distanceandsizemayalsoinfluence
targetchoiceviaothercosts.Forexample,distancemaybeassociatedwith aphysicaleffort
cost[24] whereastargetsizemaybeassociatedwith acostlinked to planningandcontrolling
moreprecisemovements[25]. To capturethispossibility,thecost,cij, of choosingtargetj as
thenextharvestwascalculatedas:

Cj ¼ cij ¼ � rij þ w1dg

ij � w2sj ð1Þ

That is,thecostdependedon thenegativerewardrate,apenaltyassociatedwith distance
andapenaltyfor reachingto smallertargets.Thepenaltyassociatedwith distancecaptures
possiblemovement-relatedenergycosts.Weincludedtheexponentgammain this term to
accommodatethepossibilityof anonlinearmappingbetweeneffort anddistance.A power
function wasselectedbecauseit cancaptureawiderangeof nonlinearfunctions.Weassume
thereisnoisein thedecisionmakingprocess(or calculationof thiscost)sothatpotentialhar-
vesttargetsthathavesimilarcostsmaybechosenwith similarprobability.Asiscommonly
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usedin modelsof decisionmaking,weusedasoftmaxselectionrule [26] sothat theprobability
of choosingtargetj became:

Pj ¼
e� b�Cj

X

j

e� b�Cj
ð2Þ

Theparameterβ determinedthecombinednoisein perceptualanddecisionprocesses,with
infinite noiseassumingavalueof β = 0.Forverylargevaluesof β, theprobabilityof choosing
thetargetwith thelowestcostapproaches1.For intermediatevaluestheprobabilitiesare
alwaysorderedaccordingto thecost(highestprobabilityfor lowestcost)but allowhighercost
targetsto beselectedoccasionally.

To assessthecontribution of rewardrate,targetdistance,andtargetsize,wecomparedthe
full one-aheadmodelagainstthethreesubmodels,obtainedbyremovingeachindividual fac-
tor, usingtheBayesianInformation Criterion (BIC),with alowerBIC indicatingabetterfit
[27,28].

TheBayesianInformation Criterion (BIC) wasusedto comparemodelswith different
numbersof parameters:

BIC ¼ � 2 lnðLÞ þ k lnðNÞ ð3Þ

whereL is thelikelihoodof thedatagiventhemodel,k is thenumberof degreesof freedomof
themodelandN is thetotalnumberof datapoints.TheBIC allowmodelswith differentnum-
bersof parametersto becompared,with theonewith alowerBIC beingpreferable.Thediffer-
encein theBIC scaledby0.5approximatesthelogof theBayesfactor,thelikelihoodthatone
modelisbetterthananother(27).A Bayesfactorlargerthan10indicatesstrongevidencein
favorof amodel,andavaluelargerthan100isconsidereddecisive(28).

Fig3A and3Bshowthechangein BIC score(Δ BIC) goingfrom thefull modelto eachof
thethreesubmodels,for thehandandeyetasksrespectively.Thefull modelprovidedthebest
fit for all 8 participantsin thehandtaskandfor 4 of 7 participantsin theeyetask.In theother
3participantswhoperformedtheeyetask,thebestmodelincludedrewardrateanddistance
but not targetsize.However,thismodelandthefull modelhadverysimilarBIC scoresin all
participantsin theeyetask(i.e.,Δ BIC wasverycloseto zero).Forall participantsin thehand
task,themodelomitting targetdistancewasthepoorestpredictorof targetchoicebyalarge
margin,andthismodelwasalsothepoorestpredictorin 5 of 7participantsin theeyetask
(with themodelomitting rewardratebeingthepoorestpredictorin theother2participants).
Overall,theseresultsindicatethat in both thehandandeyetasks,all threeparametersof the
full modelÐi.e.,rewardrate,targetdistance,andtargetsizeÐinfluencechoicebehavior.

Look ahead model

Wenextconsideredanextensionof themodelthatcould`lookahead'to takeinto account
potentialfutureharvestswhenselectingthenextharvest.Whenlookingn harvestsahead
(wheren = 1correspondsto themodelalreadydescribed),weconsidereachpotentialnexthar-
vesttargetj andall possiblesubsequentsequencesof n-1 harvests(k, l, m, . . .). Foreachharvest
wecalculatedthecostof eachharvestwith differentweightings,λ, appliedto futureharvests.
Forexample,whenlookingn = 5 stepsahead(i.e.,j, k, l, m, n) thecostof choosingj asthenext
harvestisgivenby:

Cj ¼ min
Hðk;l;m;nÞ

cij þ l1cjk þ l2ckl þ l3clm þ l4cmn

� �
ð4Þ
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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://doi.org/10.1371/journal.pcbi.1005504.g003
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wheretheminimum is takenoverall quadrupletsH(k, l, m, n) of potentialharvestedtargets
afterthefirst harvest.ThereforeCj representsthesmallestcostassociatedwith makingthenext
harvesttargetj whenconsideringthenext4 targets.Againweusedthesoftmaxfunction to
selectthenextharvestedtarget.Wemodeledlook aheads,n, from 1 to 5 targets(duethecom-
binatorialnatureof theproblemit wasnot possibleto considerlook aheadsof 6 or more).For
alook aheadof n, themodelhadn+4parameters.Wealsofit reducedmodelsin whichoneof
thethreecomponentsin Eq1 wassetto zero.

Fig3Cand3D showBIC scoresasafunction of thenumberof look-aheadharvestsfor each
participantin thehandandeyetasks,respectively.Notethat thecurveshavebeenvertically
alignedsothat theystartfrom thesamepoint, which is themeanBIC score,acrosspartici-
pants,for the1-look-aheadmodel.In thehandtask,theBIC scoretendedto decrease(indicat-
ing abetterfit) asafunction of look-aheadstepswhereas,in theeyetask,theBIC scoretended
to increasefor themajority of participants.Thehistogramin Fig3Eshowsthenumberof par-
ticipantsbestfit bymodelswith 1 to 5 look-aheads.In thehandtask,thebest-fitmodelfor all
participantscontainedat least3 look-aheadsand,in 5 of the8 participants,the5-look-ahead
modelprovidedthebestfit. With theexceptionof oneparticipant,theBIC scoresappearedto
leveloff somewhatasthenumberof look-aheadsincreased.In theeyetask,the1-look-ahead
modelprovidedthebestfit in 5of 7participants,with theothertwo participants'choicebehav-
ior bestfit bymodelsthe3 and5 look-aheads.Despitethevariationacrossparticipantswithin
eachtaskgroup,thereisacleardifferencebetweenthetwo tasksin thenumberof look-aheads.
Whereashandtaskall participantsconsiderasequenceof forthcomingtargetchoiceswhen
selectingthenexttargetwhereas,in theeyetask,mostparticipantschosetargetson aharvest-
by-harvestbasis.

Whenconsideringthebest-fitmodelsfor eachparticipant,theaveragepowerexponenton
thedistanceterm (gammain Eq1) was0.36(SE= 0.09)for theeyetaskand1.14(SE= 0.23)
for thehandtask.Thus,theinfluenceof targetdistancein determiningtargetchoicewasclose
to linearin thehandtaskbut compressivein theeyetask,consistentwith theideathat the
additionalcostof makinglargereyemovementswaslessthantheadditionalcostof making
largerhandmovements.

In themodel,differentweightsareassignedto thecostsassociatedwith eachlook-ahead
step.To further assessthecontribution of futureharveststo thechoiceof targetin thecurrent
harvest,wefit the5-look-aheadfull modelto eachparticipant.Fig3Fshowstheaverageweights
assignedto eachlook-aheadstepin thehandandeyetasks.(Notethatwenormalizetheweights
for agivenparticipantto sumto one.)Forboth tasks,thelargestweightwasassignedto the
immediatechoiceoption (i.e.,1-look-ahead),with thisweightbeinghigherin theeyetaskthan
thehandtask,consistentwith thefinding that the1-look-aheadmodelprovidedthebestfit for
mostparticipantswhoperformedtheeyetask.Theseeffectswereconfirmedbyatwo-waylook-
aheadnumberby taskANOVA, whichrevealedamaineffectof look-aheadnumber(F4, 52=
130.0,p< 0.001)aswellasalook-aheadby taskinteraction(F4, 52= 4.6,p< 0.05).

To evaluatethebest-fitmodelfor eachparticipant(i.e.,thefull modelwith thenumberof
look-aheadsthatprovidedthelowestBIC),wecomparedtheactualtargetselectionsto those
predictedby themodel.At eachharvestingstep,themodelassignsaprobabilityof selectionto
eachavailable(i.e.,non-harvested)target.Theblacktracesin Fig4A and4Bshow,for each
participantin thehandandeyetasksrespectively,theprobabilitythat theparticipantselected
thetargetassignedthehighestprobabilityof selectionby themodel,asafunction of harvest
number.Overall,participantsselectedthehighestprobabilitytarget61percentof thetime in
thehandtaskand53percentof thetime in theeyetask.Asisevidentfrom thefigure,acrossall
harvestsin both tasks,theprobabilityof selectingthehighestprobabilitytargetwaswellabove
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chance(dashedgreytraces),whichincreasesfrom 1/14(0.071)to 1/8(0.125)from thesecond
to theeighthharvest.

Theblacktracesin Fig4Cand4D showtheprobability,assignedby themodel,to theactual
targetselectedby theparticipant,andthegreytracesshowthedifferencebetweenthehighest
assignedprobabilityandtheprobabilityassignedto theselectedtarget.Althoughparticipants
did not alwaysselectthetargetwith thehighestassignedprobability,theygenerallyselecteda
highprobabilitytarget.Overall,theaveragerankingÐfrom highestto lowestprobabilityÐof
theselectedtargetwas1.61in thehandtaskand1.96in theeyetask.Theseresultsare

Fig 4. Target selection probabilities. A-B, The black lines show, for each participant in the hand and eye

tasks, respectively, the average probability that the participant selected the target assigned the highest

probability by the model for harvests 2–8. The dashed grey line show the probability that a target would be

selected by chance, which increases slightly as targets are harvested. C-D, Black lines show the average

probability, assigned by the model, to the target selected by each participant in the hand and eye tasks,

respectively, for harvests 2–8. The grey lines show the probability of the most probable target minus the

probability of target selected by the participant.

https://doi.org/10.1371/journal.pcbi.1005504.g004
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indicativeof thefactthat theprobabilitiesassignedto themostprobablefewtargetswereoften
similar.Notethatboth theprobabilityof selectingthehighestprobabilitytarget(blacktraces
in Fig4A and4B)andtheprobabilityassignedto theselectedtarget(blacktracesin Fig4Cand
4D) increasedovertheinitial fewharvestsin thehandtask,but werequiteconstantin theeye
task.Thisobservationisconsistentwith thefactthat,in theeyetask,theinfluenceof targetdis-
tanceis relativelyweak,whichyieldsmoretargetoptionswith similarprobabilitiesof
selection.

To assesshowwellparticipantsperformed,weestimatedeachparticipant's̀ optimal'perfor-
manceusinganoptimalplannerthatcouldlook 5 harvestsaheadateachharvest.Notethat
wecouldnot useanoptimalplannerthatconsideredall targetsasthis involved15factorial
(~10^12)possibleharvestorders,which is too manyto evaluate.Foreachharvestchoice,the
optimalplannerusesthepredicteddurationof eachpossiblesequenceof remainingharvests
(up to 5) to selectthebestsequencein termsof maximizingrateof reward(giventheremain-
ing time).Thepredicteddurationwasdeterminedseparatelyfor eachparticipantbasedon
thatparticipant'sestimatedmovementdurationsasafunction of distanceandtargetsize(see
above).This target-by-targetchoicewasrepeateduntil thetrial time elapsed.Wecomputed
theefficiencyof eachparticipant'sperformanceasthemean,overall trials from all conditions,
of theratio of theactualto 'optimal' pointsscore.For theeyetask,theaverageratio was0.95
andtheratio rangedfrom 0.85to 0.98acrosstheparticipants.For thehandtask,theaverage
ratio was0.91andtheratio rangedfrom 0.84to 0.96acrosstheparticipants.A t-testfailedto
showasignificantdifferencebetweenthetwo tasks(t13= 1.63;p = 0.13).Wealsocomputed
theratio of theactualnumberof targetharvestedto thenumberharvestedby theoptimalplan-
ner.For theeyetask,theaverageratio was0.95andtheratio rangedfrom 0.85to 0.99across
theparticipants.For thehandtask,theaverageratio was0.92andtheratio rangedfrom 0.84to
0.99acrosstheparticipants.Aswith thepointsratios,at-testedfailedto showasignificantdif-
ferencebetweenthetwo tasks(t13= 1.50;p = 0.16).Thus,in termsof bothpointsandtargets
harvested,participantsin both taskswerehighlyefficientandperformedalmostaswellasthe
optimal5-aheadplanner.

Features of selected targets over harvests

To examinehowparticipantsprioritized targetsof varyingvalueandsizeacrossharvests,for
eachparticipantandcondition wecalculatedtheproportion of targets,of agivensizeor value,
thatwereselectedon eachsuccessiveharvest.Fig5 showstheseproportions,averagedacross
all participants,for harvests2 through8 in both thehandandeyetasks.Thefigurealsoshows
thepredictedproportions,averagedacrossparticipants,obtainedwith eachparticipant'sbest-
fit model.(Notethat thedatafrom all four conditionsthepredictedtogether.)Qualitatively,it
isevidentthat themodelwasableto capturethechoicebehaviorof theparticipantsin both
tasksandin all four conditions.

In theeyetaskunderconditionsin whichtargetvaluevaried(i.e.,thevalue,small-high,and
small-lowconditions),participantshadastrongtendencyto initially selecthighvaluetargets
right from thestart(i.e.,from harvestnumber2 onwards),andlargelyignoredthesizeof the
targets.Whenmostor all of thehighvaluetargetswereharvested,theythenstronglyfavored
themiddlevaluetargets.In contrast,underthecorrespondingconditionsin thehandtask,the
influenceof valueon targetselectionwasweaker,andvariedconsiderablyacrossconditions.
Thus,althoughhighvaluetargetswerealwayspreferred,thispreferencewasweakerwhenthe
highvaluetargetsweresmall(small-highcondition) andstrongerwhenthehighvaluetargets
werelarge(small-lowcondition).A modestinfluenceof targetsizewasobservedunderthe
sizecondition in both tasks,eventhoughsizehadlittle influenceon choicebehaviorin theeye
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Fig 5. Target selection features. Proportion of targets of a given size or value selected from harvests 2–8.

Proportions averaged across all participants in the hand (left column) and eye (right column) tasks. The red,

green and blue traces show proportions for high, medium and low value harvests, respectively, or in the case

of the size condition (top row), large, medium, and small target harvests, respectively. These proportions are

shown for the experimental data (solid lines) as well as the model data (dashed lines). Shaded regions

represent �“1 SE.

https://doi.org/10.1371/journal.pcbi.1005504.g005
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taskin theotherconditions.Theseresultsareconsistentwith thefinding thatmovement
relatedcostsplayamoresignificantrole in shapingchoicebehaviorin thehandtaskthanthe
eyetask.Participantsin thehandtaskappearedto exploitthefactthat theyhadenoughtime to
harvestmost,if not all,of thehighvaluetargetswithout havingto harvestthehighvaluetargets
first. Presumably,theywerewilling to harvestlowervaluetargetsin orderto reducemovement
relatedcosts.In contrast,participantsin theeyetasktendedto selectthehighvaluetargets,
presumablybecausetheycando sowithout incurring largemovementrelatedcosts.

Movement distance

Fig6 shows,for eachof theconditions,frequencydistributionsof target-to-targetdistancesfor
all actualandpredictedharvestsin both thehandandeyetasksaveragedacrossparticipants.
In both tasks,participantsmostoftenharvestedtargetsthatweredirectlyadjacent(up,down,
left,or right) to thepreviouslyharvestedtargetandwerethereforeon average60mm away
(correspondingto themodeof thedistributions).Participantslessfrequentlyharvestedadja-
centbut obliquetargets,locatedon average90mm away,andtargetslocated2or, evenlessfre-
quently,3 targetsaway.Althoughthedistributionsfor thehandandeyetasksweresimilar in
thatadjacenttargetswerestronglypreferred,agreaternumberof largerdistanceswereseenin
theeyetask(bluetraces)thanthehandtask(redtraces).Two independentsamplesKolmogo-
rov-Smirnovtestsrevealedsignificantdifferences(p< 0.05)betweenthetwo tasksin thethree
conditionswheretargetvaluevaried(Fig6),but not in thesizecondition whereonly target
sizevaried(upperleft subplot).Presumably,participantsweremorewilling to movegreater

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://doi.org/10.1371/journal.pcbi.1005504.g006
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distancesin theeyetask,whenvaluewasmanipulated,becauseof thelowermovement-related
costsinvolved.However,targetsizealonedid not driveparticipantsto movegreatermove-
mentdistancesin theeyetask.

Constrained hand task

Weincludedaconstrainedhandtask,in whichparticipantswererequiredto harvesttargetsin
orderof decreasingvalue,for two reasons.First,comparingperformanceon theconstrainedand
unconstrained(or `free')handtasksenablesusto testwhethersometimesselectinglowervalue
targetsbeforeharvestingall highvaluetargets(asin theunconstrainedhandtask),improvesper-
formance.Second,by focusingon thefirst 5harvests(i.e.,harvestsof thehighvaluetargets)in
theconstrainedtask,wecouldassesshoweffectivelyparticipantsminimizemovementpathdis-
tance.Fig7A and7Bshowtheaveragenumberof pointsandharvests,respectively,pertrial for
both thefreeandconstrainedhandtasksin thethreeconditionsexaminedin theconstrained
handtask.(Notethat thesizeconditionwasnot performedsincethetargetsall hadequalvalue.)
On average,participantsharvestedall 5highvaluetargetsandoneor two mid-valuetargetsin
theconstrainedhandtask.A task(2 levels:hand,eye)bycondition (threelevels:value,small-
high,small-low)repeatedmeasuresANOVA showedthatparticipantsharvestedmorepoints
(F1, 7 = 68.0,p< 0.001)in thefreechoicetaskthantheconstrainedtask.A similarANOVA
showedthatparticipantsalsoharvestedmoretargets(F1, 7 = 72.4,p< 0.001)in thefreechoice
taskthantheconstrainedtask.Thesefindingsindicatethatparticipants'inclination to sometimes

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

20th shortest path. The grey line shows the total path length as a function of rank.

https://doi.org/10.1371/journal.pcbi.1005504.g007
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forgohighvaluetargetsin thefreetaskledto moreoptimalperformance.Theanalysisalso
uncoveredataskbycondition interactionfor both thenumberof harvestedpoints(F2, 14= 43.3,
p< 0.001)andtargets(F2, 14= 6.2,p = 0.012).Asshownin Fig7A and7B,for bothvariables,the
largestdiscrepancybetweentasksisseenin thesmall-highcondition,wherehighvaluetargets
weresmall.In theconstrainedtask,fewertargetswereharvestedwhenparticipantswere
requiredto harvestthesmalltargetsfirst. Thiscouldreflectaspeed-accuracytrade-off,more
challengingvisualsearch,or both.However,evenwhenthehighvaluetargetswerelarge,the
numberof targetsharvestedin theconstrainedtaskwaslessthanin thefreechoicetask.

To assesshoweffectivelyparticipantsminimizedhandpathdistance,wecomputed,for
eachtrial in theconstrainedtask,thedistancebetweensuccessivetargetsfor all 120possible
harvestordersof thefirst five targets.Fig7Cshowsthedistribution of possiblepathdis-
tances(dashedline) togetherwith thedistribution of actualpathdistancesthatparticipants
chose.It is evidentthatparticipantsselectedharvestpathsfrom thelowerendof thedistri-
bution of all possiblepaths.Thehistogramin Fig7D showstheproportion of trials in which
participantsselectedtheshortestpossiblepath(rank 1), thenextshortestpath(rank 2),and
soon up to the20th shortestpath.(Thegraysolid line showstheaveragetotal distanceof
therankedpaths.)Participantschosetheshortestpathon closeto 40%of trialsandselected
oneof the5 shortestpathson approximately75%of trials.Thesedatashowthatparticipants
wereefficientat rapidlyharvestingasequenceof targetstheresultedin arelativelyshort
cumulativedistance.

Discussion

Weexaminedsequentialdecision-makingwithin thecontextof arapidmotor foragingtask.
Participantshadalimited time to harvesttargetsof varyingvalue,position,andsizeeitherby
movingthehandto thetargets(handtask)or fixatingthetargets(eyetask).Wefit aprobabilis-
tic `lookahead'modelin whichtargetchoicedependedon acostfunction that includedrate
of reward,targetdistance,andtargetsizeof up to thenext5 targets,with differentweights
allowedfor thecostof eachfuture target.Wefound that in thehandtask,in comparisonto the
eyetask,targetchoicewasmorestronglyinfluencedby targetdistanceandsize,althoughtarget
sizedid influencetargetchoicein theeyetaskwhentargetvaluewasconstant.In addition,par-
ticipantsin thehandtasktook into accountagreaternumberof future targets,with mostpar-
ticipantsconsideringat least5 future targets,comparedto theeyetask,with mostparticipants
only consideringthenexttarget.In aversionof thehandtaskdesignedto examineroute-find-
ing efficiency,wefound thatparticipantswerecapableof selectingefficientroutesthroughthe
targetsthat reducedtotaldistancetravelled.Theseresultssuggestthatparticipantstakeinto
accountthemotor costsassociatedwith differenteffectorssoasto beefficientin foragingwith
both theeyeandhand.

Studiesexaminingthecontrol of reachingmovementshavetypicallyfocusedon move-
mentsto asingletarget,andcontemporarymodelsof reachingbehaviorhaveemphasizedthe
trade-offbetweenaccuracyandeffort [1±3,5,24].A numberof studieshaverecentlyexamined
theinterplaybetweenmotor control andthedecisionsaboutwhereandwhento reachduring
singlemovements.Forexample,it ishasbeenshownthatpeoplefactorinto accounttheir spa-
tial movementvariabilityto optimizeperformancewhenreachingtowardstargetconfigura-
tionswith differentrewardandpenaltyregions[29±31]andsimilaroptimizationhasbeen
shownfor temporalvariability[19,32,33].Recentwork hasinvestigateddecision-makingpro-
cessesassociatedwith selectingasingletargetfrom amongmultiple potentialtargets[15,for
reviews,see34±37].To capturechoicebehaviorin suchtasks,additionalfactorsneedto be
considered,including targetvalueandbiomechanicalcosts.
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However,in manyrealworld taskspeoplemustmakeaseriesof choices,eachinvolvemul-
tiple potentialtargets.In thissituation,capturedby thetaskweexamined,potentialcostsasso-
ciatedwith planningaheadneedto beconsidered.In our task,wefound that targetvalueand
distanceinfluencedchoicebehaviorin both thehandandeyetasks,with therelativeinfluence
of distancebeingstrongerfor thehand.Targetdistanceisclearlyrelatedto biomechanical
costs,especiallyin thehandtask,but mayalsobelinked to temporalcostsassociatedwith tar-
getsearchandselection.Althoughtargetsizedid not stronglyaffectmovementtime in either
task,it neverthelessinfluencedchoicein thehandtask.Recently,it hasbeensuggestedthat
participantscanimprovetheir accuracywithout incurring additionaltime by increasingthe
levelof control [25]. In otherwordsthetrade-offbetweenspeedandaccuracycanbealtered
throughthecostof control.Wesuggestthatparticipants'preferencefor largertargetsin the
handtaskmaypartiallyreflectthegreatercostof control involvedin attainingsmalltargets.
Thetrade-offbetweenvalueandbiomechanicalcostsin thehandtaskagreeswith recentwork
byCosandcolleagues[38±40]showingthatpeoplecanrapidlypredictbiomechanicalcosts
associatedwith competingreachingactions[seealso41,42].

Our probabilisticmodelsuggeststhatparticipantsin thehandtasktook into accounta
greaternumberof futureharvestsin comparisonto participantsin theeyetask.Such̀ looking
ahead'in thehandtaskpresumablyenabledparticipantsto tradeoff moreeffectivelybio-
mechanicalandtime costswith thevalueof thetargetsharvested.Theability to look aheadhas
beenshownfor ataskin whichparticipantsreachedthroughaseriesof fixedvia-pointswhich
hadto bevisitedin aprescribedorder[43]. Our resultsalsoshowthat,in both thehandand
eyetasks,participantsplacedthemostweighton thecurrenttargetoption with eachsubse-
quenttargetoption havingprogressivelylessweightin thedecision.Thisfinding canbelinked
to thephenomenonof `temporaldiscounting'of rewardwhichhasbeenshownto influence
thekinematicsof singlesaccadiceyemovements,with morerewardingtargetsleadingto faster
movements[44±48].Our studyshowsthatsuchtemporaldiscountingactsacrossasequence
of futuremovementsof both theeyeandhand.

To our knowledge,our studyis thefirst to quantitativelyassesshowcostsandrewardsasso-
ciatedwith future targetsinfluencecurrenttargetchoiceduring sequentialtargetacquisition
with either thehandor theeye.Thus,theresultspertainingto eachtask,in isolation,arein
themselvesnovel.A priori, it wasnot obviousthat in theeyetaskparticipantswouldonly con-
siderthenexttargetwhenselectingtargets.By`lookingahead'(i.e.,consideringmultiple future
targets,viewedin peripheralvision,whilefixatingthecurrenttargetin orderto harvestit), par-
ticipantscouldhavereduced,on average,theamplitudeandthereforedurationof eacheye
movement.It isalsopossiblethat theycouldhavereducedtheaveragedistancebetweenthe
remainingtargetsandthecurrentfixation point, whichmayhavefacilitatedsearch.On the
otherhand,it strikesusasimpressivethat,in thehandtask,participantsconsideranumberof
future targetsgiventhespeedednatureof thetask.That is,giventheshortharvestingwindow,
it wasnot obvious,apriori, thatparticipantswould investresourcesin lookingahead.

In termsof thecomparisonbetweentheeyeandhandtasks,weacknowledgethat thereare
severaldifferencesbetweenthetasksbeyondtheeffectorinvolved.Whereastargetsizedirectly
determinedtherequiredaccuracyof handmovements,thiswasnot thecasefor eyemove-
ments.Giventhat thefunctionalfoveaisapproximately3Ê[49], it wassimplynot possibleto
implementsimilaraccuracyconstraintsin thetwo tasks.Wedid not recordeyemovements
in thehandtaskbecauseit wasdifficult to obtainaccuraterecordingswhileparticipantgener-
atedveryvigorousarmmovements.However,basedon previouswork (aswellasour observa-
tions),wecanbequitecertainthatparticipantslaunchedeyeandhandmovementstowards
eachtargetin synchronyandmaintainedfixation at thetargetuntil thehandcursorarrived
andthebutton wasclicked[49±55].Thus,theoverallpatternof eyemovementsin thetwo
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taskswouldhavebeensimilar.In both tasks,gazeshiftsfrom oneharvestedtargetto thenext
andinformation abouttargetsremainingto beharvestedisprovidedbyperipheralvision.Of
course,thefunction of gazediffersbetweenthetwo tasks.Whereasvisualfeedbackispresum-
ablyusedto helpkeepgazeon targetin both tasks,in thehandtaskretinalandextraretinalsig-
nalsarealsousedto guidethehand.Giventheadditionalfunctionsplayedbygazein thehand
task,it seemsunlikely thatgazedemandsaccountfor thereducedlook-aheadbehaviour
observedin theeyetask.However,wewouldemphasizethatour goalwasnot to perfectly
equatethetwo tasks,whicharenecessarilysomewhatdifferent.Rather,wewantedto keep
eachtaskasnaturalaspossible,within theoveralltiming constraints,sothatwecouldbroadly
comparethebehaviours.Webelievethat thestriking differencebetweenthetwo tasks,in
termsof look aheadbehaviour,is likely quiterobustanddoesnot dependon subtledetailsof
thetwo tasks.

Activity in sensorimotorareasof thebrain hasbeenshownto encodemultiple potential
reachtargetsprior to decidingbetween,andthenreachingtowards,oneof thesetargets[56].
Oneinterpretationof thisactivityis that it reflectscompetingmovementplanspreparedfor
multiple potentialtargets(CisekandKalaska,2010),anideaconsistentwith recentbehavioral
studiesshowingspatialaveragingwhenreachingtowardsmultiple potentialreachtargets[57±
62].Theformationof multiple motor plansmaybeaneffectivewayof evaluatingthecosts
associatedwith thesealternatives[40]. In thecurrenttask,it isanopenquestionwhetherpar-
ticipantsmaypreparecompetingimmediatemotor plans(i.e.,from thecurrenttargetto differ-
entpotentialtargets),aswellasplansfor futureactions.

Althoughnumerousstudieshaveexaminedhowrewardsandcostsassociatedwith individ-
ual targetsareneurallyrepresented[63±65],our resultsindicatethat thebrain mustalsore-
present,andevaluate,alternativeroutesinvolvingmultiple targets,potentiallyin parallel.A
numberof studieshaveidentifiedbrain regionsthatmayplayarolerepresentingandplanning
suchroutes.Recentwork on navigationalplanningin anopenareahasshownthat,prior to
goal-directednavigation,therat hippocampusgeneratessequencesof neuraleventsencoding
spatialtrajectoriesfrom thecurrent locationto theknowngoallocation[66]. Theseevents
maysupportagoal-directed,trajectory-findingmechanismthat identifiesimportant places
andrelevantbehaviouralpathsandcanbeusedto control futurenavigationalbehaviour.
This,or asimilar,mechanismmaysupporttheoptimizationof sequentialreachingmovements
to objectsis reachablespace.In behaviouralstudies,routeoptimizationhasbeenstudied
usingversionsof thetravellingsalespersonproblemin whichparticipantsattemptto select
theshortestpathwhenconnectingasetof fixedtargets[67]. Thiswork,whichhasfocused
on theheuristicsusedto solvetheproblem,hasshownthat,whengivenampletime,humans
arecapableof verygoodperformancelevels,oftenwith nearoptimalsolutions[10±13].Our
resultsindicatethatevenunderspeededconditions,participantsareableto performextremely
well.

Althoughthereareobviouslymanydifferencesbetweennaturalforagingandthereaching
taskweexamined,foragingtheory[20,21]canneverthelessprovideaframeworkfor studying
movementdecisionsin thecontextof competingcostsandrewards[see68].In general,akey
componentof naturalforaginginvolvesdecidingwhetherto engagewith optionsastheyare
sequentiallyencountered.Forexample,work on patchforagingexamineswhetherto remain
in thecurrentpatch(i.e.to exploit)or switchto anewpatch(i.e.to explore)whichcanincur a
costof time or effort [69,70].In themostgeneralsettingthereisbothuncertaintyasto the
valueof thecurrentpatch,whichcanvarywith time asresourcesaredepleted,andthevalueof
otherpatchesthatcouldbevisited.In suchgeneralsettingsit hasbeensuggestedthatdistinct
neuralprocessesappearto beengagedin choiceswithin apatchandchoicesto moveto forage
anewpatch[68,70],revealingaspectsof theexploration-exploitationtrade-off[71,72].In our
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task,themainpressureis time within apatchandtheassessmentof targetvalue,sizeanddis-
tancemustoccurrapidly leadingto someuncertainty.Thereforeour taskexaminestheeffi-
ciencyof foragingwithin apatchto extractvaluableresourcesandthepotentialtrade-off
betweenlookingfar ahead(whichcanincur atime cost)andmyopicdecisionsthatcanbe
fasterbut lessefficient.

Methods

Participants

Eightwomenandsevenmenbetween20and28yearsof ageparticipatedin thepresentstudy
afterprovidingwritten, informedconsent.All participantsself-reportedhavingnormalor
corrected-to-normalvision,beingright handed,andbeingfreeof sensorimotordysfunction.
Participantswererandomlyassignedto oneof two groups:thehandforaginggroup(n = 8) or
theeyeforaginggroup(n = 7).Theexperimentalprotocolswereapprovedby theGeneral
ResearchEthicsBoardatQueen'sUniversityin compliancewith theCanadianTri-Council
Policyon EthicalConductfor ResearchInvolving humans.Eachexperimentalsessionlasted
approximatelyonehour.Participantsreceived$10in compensationandanadditionalmone-
tarysumbasedon thetotalpointsharvestedduring theexperiment.Specifically,a5¢bonus
wasprovidedfor every250pointsharvested,resultingin anadditionalpayoffof between$4
and$5.

Apparatus and stimuli

Seatedparticipantsviewed15circulartargetslocatedin 3 rowsby5columns(seeexamplesin
Fig1).To specifythelocationsof thetargetson eachtrial, webeganwith a3x 5 grid with
equalspacingof 6cm in bothdimensions,providing15initial grid locations.A setof 15target
locationswasgeneratedfrom these15grid locationsbyaddingrandomverticalandhorizontal
offsetsto eachgrid location,independentlydrawnfrom auniform distribution over± 11mm.
Thus,thepositionsof thetargets,relativeto thegrid locations,changedfrom trial to trial. Tar-
getsin thedisplaycouldbeoneof threesizesÐ5,8,or 11mm in radiusÐandhaveoneof
threepoint valuesÐ10,12,or 15points(Fig1B).Participantsalsoviewedacircularstartposi-
tion, 5 mm in diameter,located6 cmcloserto their bodythanthefirst row of targetsandat
theparticipant'smidline.All stimuli werepresentedusingavisualdisplaysystem,consisting
of aCRTprojector(Electrochrome9500Ultra) with arefreshrateof 120Hz andahorizontal
mirror throughwhichparticipantsviewedtheimageson ahorizontalsurface.Notethatpartic-
ipantscouldnot seetheir handor arm.

In thehandforagingtask,participantsselectedtargetsbymovingacircularcursor(5 mm
in diameter)linked to thepositionof ahandle,graspedwith theright hand,to eachtarget.A
successfulharvestoccurredwhenparticipantspressedabutton fitted to thesideof thehandle
with their indexfingerwhenthecursoroverlappedwith anyportion of thetarget.Thehandle,
whichwasattachedto alightweightmanipulandum(Phantom3.0,SensableTechnologies,
Cambridge,MA), couldfreelyrotateaboutits verticalaxisandwasmountedon anair sled
allowingparticipantsto movethehandlebyslidingoverahorizontalsurface.Opticalencoders
in themanipulandummeasuredthehandlepositionat1000Hz andthestateof thebutton was
alsorecordedat1000Hz.

In theeyeforagingtask,participantsselectedtargetsby fixatingtheir gazeon thetargets.
An infraredvideo-basedeye-tracker(ETL500pupil/cornealtrackingsystem,ISCAN,Burling-
ton, MA, USA)wasusedto recordgazepositionof theleft eyein theplaneof thetargetdisplay
at240Hz.A bitebarwasusedto helpstabilizethehead.Gazepositionwascalibratedto the
planeof thetargetdisplay[for details,see54]at thebeginningof theexperimentand
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recalibratedif drift in therecordedgazesignaloccurred.Thespatialresolutionof gazein the
horizontalplaneof thehandwas0.36Êvisualangle,correspondingto ~3 mm whengazewas
directedto thecenterof thetargets.In practice,gazewasrecalibratedapproximatelyonceper
participant,typicallyataround75%of thedurationof theexperiment.Thegazesignalwas
smoothed,on-line,usingarunning averagefilter computedoverthelast50samples(over-
sampledat1000Hz), whichintroducedasmalltime delayof 24.5ms.In performingthegaze
foragingtask,participantsalmostalwaysfixatedoneof thetargets.That is,participantsshifted
their gazedirectlyfrom onetargetto thenext.To determinewhichtargetwasfixated,wesim-
ply took theclosesttargetto thegazeposition.A successfultargetselectionwasachievedwhen
gazewasatagiventargetfor 150ms.Fixationslessthan150mswererarelyobserved,asmight
beexpectedif participants(1) madecorrectivesaccadesafterfixatingatargettheydid not
wantto harvestor (2) briefly fixatedtargetsto explorethescene.With therequiredfixation
duration,thetime betweensuccessiveharvestswassimilar to thehandforagingtasks.Note
thatgiventhat thesizeof thefunctionalfovea,whichisabout3Ê[49] or ~2.5cm in thetarget
planein our task,it wouldnot havebeenappropriateto requireparticipantsto alignthe
recordedgazepositioninsidethetargetsin orderto harvestthem.Notethatwedid not record
eyemovementsin thehandtaskbecauseparticipantstendedto makerapidandvigorousarm
movementsin this taskwhichmakeobtainingstablegazerecordingsdifficult.

Procedure

Foragiventrial, participantswereinstructedto harvestasmanypointsaspossible(which
translatedto amonetarybonus).At thestartof eachtrial, theparticipanthadto positionthe
cursor,or fixate,thestartpositionfor arandomtime periodof between0.3and2.3s.Thetar-
getdisplaythenappeared,andtheparticipantthenhadafixeddurationof 3.25sto harvesttar-
gets.Thisdurationwaschosensothaton averagesubjectscouldaverageabouthalf thetargets
on anygiventrial. At themomentatargetwassuccessfullyharvested,thetargetturnedgrey
andabrief tone(1000Hz) wassoundedfor 50ms.At theendof eachtrial, thetotalnumberof
harvestedpointswaspresentedon thetargetdisplay.Participantscompletedonepractice
blockof trials,consistingof asetof targetsthatwereall of mediumsize(8 mm radius)and
value(12points).Participantsthencompletedfour experimentalblocksof 50trials,in coun-
terbalancedorder,with a3±5minute restbetweenblocks.

Thefour experimentalblocksdifferedin howtargetsizeandvaluewerecombined(seeFig
1B).In thesizecondition,only targetsizewasvaried,with 5 targetsof eachsize,while target
value(12points)washeldconstant.In thevaluecondition,only targetvaluewasvaried,with 5
targetsof eachvalue,while targetsize(8 mm) washeldconstant.For thiscondition,thelow,
medium,andhighvaluetargetswerecoloredblue,green,andorange,respectively(in all other
conditions,all of thetargetswereblue).In thesmall-highcondition,thetargetsizewasnega-
tivelycorrelatedwith targetvaluewith thesmallesttargetsbeingthemostvaluable.Partici-
pantswerepresentedwith 5 smalltargetsof highvalue,5 medium-sizedtargetsof medium
value,and5 largetargetsof low value.Lastly,in thesmall-lowcondition,targetsizewasposi-
tivelycorrelatedwith valuewith thelargertargetsbeingthemostvaluable.Participantswere
presentedwith 5 smalltargetsof low value,5 medium-sizedtargetsof mediumvalue,and5
largetargetsof highvalue.Beforeeachblock,participantswereexplicitlytold thesize-value
pairingof theupcomingblock.Theseblockswerecompletedin both thehandandeyeforag-
ing tasks.

Participantsin thehandforaginggroupperformedanadditionalconstrainedhandforaging
taskin whichtheywererequiredto harvesttargetsin orderof decreasingvalue.That is,partic-
ipantswererequiredto harvestall of thehighvaluetargetsfirst, followedby themediumvalue
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targets,andthenthelow valuetargets.Participantscouldnot harvestatargetout of order;if a
participantattemptedto harvestatargetout of sequence,no tonewassoundedandthetarget
did not changeto gray.In this task,participantstypicallyharvestedbetween6 and7 targets
andthereforewecouldassesstheir route-selectionefficiencybycomparingtheactualroute
theyselectedthroughthefirst 5 (high value)targetsto all possible5-targetroutes(n = 120).In
this task,participantsperformedthreeblocksof 50trials,counterbalancedacrossparticipants,
correspondingto thevalue,small-high,andsmall-lowconditionsdescribedabove.

Analyses

Foreachharvest,wedeterminedthedurationfrom thepreviousharvest(i.e.,durationbetween
successivesuccessfulbutton presses)aswellasthedistancefrom thepreviousharvest,defined
asthedistancebetweensuccessivetargetcenters.In thehandforagingtask,participantsocca-
sionallymissedthetargetbypressingthebutton while thecursorwasslightlyoff thetarget.
Participantson averagemissedthetargeton 7%(SE= 0.01%)of harvestattemptsin thefree
taskand8%(SE= 0.01%)in theconstrainedtask.In theeyetask,harvestswereregistered
whengazewasclosestto agiventargetfor 150msandparticipantsdid not pressabutton.
Thus,missesakin to thosein thehandtaskdid not occur.An alphalevelof 0.05wasusedfor
statisticaltestsandaBonferronicorrectionwasusedfor posthoctests.
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